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1 INTRODUCTION 
1.1 Background and objectives 
Understanding vegetation functioning in response to environmental changes at multiple 
spatial and temporal scales is critical to the development of monitoring techniques that can 
capture the effects of future scenarios, such as predicted climate change, on the carbon budget of 
Earth (Cox et al., 2013; Laurance et al., 2012; Lewis, 2006; Malhi, 2012; Sitch et al., 2008; Tang 
et al., 2016; Wright, 2010). Despite an increased understanding of carbon fluxes in recent years, 
uncertainties remain regarding the role of vegetation on local to biome scales (Damm, Elbers, et 
al., 2010; Damm, Schickling, Schläpfer, Schaepman, & Rascher, 2010; Julitta, 2015; M.  Rossini 
et al., 2014; Schaepman et al., 2010; Schickling et al., 2016). Remote sensing techniques offer 
the opportunity to improve monitoring of vegetation dynamics at unprecedented scales and 
sampling densities. Thanks to technological advancements in recent decades, vegetation indices 
and metrics derived from passive remote sensing instruments have the potential to reveal 
information regarding the physiological, phenological, and structural status of plants as well as 
fill in gaps in the carbon budget (Frankenberg et al., 2014; Guanter et al., 2013; Guanter et al., 
2014; J. Joiner, 2016; Joiner et al., 2011). These large datasets can be leveraged to cover greater 
spatial extent and in less accessible areas at higher resolution than ground surveys alone. In 
addition, improved technology is allowing steady progress to be made in the types of recorded 
observations, processing, and analysis of parameters related to plant functioning, which opens 
the possibilities of monitoring carbon flux parameters, such as gross primary production (GPP) at 
multiple spatial scales and higher resolution than was previously possible (Gitelson, Peng, 
Arkebauer, & Suyker, 2015; Hilker, Coops, Wulder, Black, & Guy, 2008; Porcar-Castell et al., 
2014; Wagle, Zhang, Jin, & Xiao, 2015).  
One of the most promising quantities emerging to achieve improved monitoring of 
terrestrial vegetation carbon fluxes is vegetation chlorophyll fluorescence (F) as it is generally 
termed. When chlorophyll fluorescence is activated by solar energy, the quantity is referred to as 
solar-induced chlorophyll fluorescence (SIF).  F and SIF fundamentally differ from reflectance-
based indices, such as the normalized difference vegetation index (NDVI) or photochemical 
reflectance index (PRI), which also aim to decipher plant functioning and currently serve as 
inputs to climate models (Alonso, Moreno, Moya, & R. Miller, 2003; Baret & Guyot, 1991; 
Gamon et al., 1995; Glenn, Huete, Nagler, & Nelson, 2008; Huete et al., 2002; Meroni et al., 
2009; M.  Meroni et al., 2008; Pettorelli et al., 2005; Springer, Wang, & Gamon, 2017; Viña, 
Gitelson, Nguy-Robertson, & Peng, 2011; Zarco-Tejada, Miller, Mohammed, Noland, & 
Sampson, 2000). Fluorescence is a by-product of the photosynthetic machinery of the plant, 
rather than the result of reflected radiation from vegetation. This presents an opportunity to 
utilize a class of instruments, called passive spectroradiometers, to measure both the reflectance-
based vegetation indices (VI) and retrieve F and SIF at leaf, plant, canopy, aerial, and satellite 
scales to tease out the relationships between optical observations, VIs, F, and SIF (Cogliati et al., 
2015; Julitta, 2015; M. Meroni et al., 2008; Panigada et al., 2014; M. Rossini et al., 2016; M. 
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Rossini et al., 2015). This step is a critical one in the march toward viable regional scale 
calculations for mapping and monitoring of carbon fluxes of vegetation. An understanding of the 
fundamentals of instruments, techniques, applications, basic to complex concepts, and quickly 
developing algorithms in this emerging science is critical to designing and developing sound 
research plans and executing them effectively to contribute to the field.  
This research aims to develop and evaluate techniques to measure, retrieve, and calculate 
F and SIF using passive remote sensing observations at multiple spatial and temporal scales and 
to characterize F and SIF metrics against other metrics to assess photosynthetic functioning of 
vegetation. My research objectives are as follows:  
Objective 1: Effectively measure the photosynthetic activity of vegetation at plant scale 
to monitor reactions to stress conditions as well as relate F and SIF and associated parameters, 
such as absorbed photosynthetically active radiation (APAR).  
Objective 2: Monitor canopy scale SIF of a forest canopy, calculate and relate canopy 
scale SIF metrics to vegetation indices currently used to model gross primary production (GPP), 
and relate field measurements of SIF and VIs to satellite-based measurements of SIF and VIs.  
Objective 3: Evaluate the spatiotemporal patterns of tropical forest photosynthetic 
activity at regional and biome scales and test the response of tropical forest photosynthesis to 
climatic events by utilizing satellite-based measurements of SIF.  
1.2 Research Overview 
The first part of this research in Chapter 2 was dedicated to understanding the functioning 
of passive spectroradiometers and instrumentation as it relates to measurements of plant scale 
chlorophyll fluorescence. Spectral data of a plant under stressed conditions was collected in 
order to assess the chlorophyll fluorescence response to a deliberate shutdown of photosynthetic 
processes within the plant by poisoning. In order to expose the chlorophyll fluorescence 
wavelength range, an actinic light source was utilized in a method to measure the absolute value 
spectra of chlorophyll fluorescence.  
In chapter 3, measurements of chlorophyll fluorescence (F) developed in chapter 2 were 
utilized along with a technique to retrieve solar-induced fluorescence (SIF) from passive spectral 
measurements, the Fraunhofer Line Depth Method, on the same plants in order to test the ability 
to achieve better estimates of photosynthetic functioning in radiance units rather than reflectance 
units. The rationale is that the absolute values of SIF are now thought to be the most promising 
metric for inferring plant functioning status from remote sensing and are linked to gross primary 
production (GPP) of vegetation (Damm, Elbers, et al., 2010). The results suggest that the 
techniques evaluated are especially suited to account for the absorbed photosynthetically active 
radiation (APAR), which is the main driver of SIF and is a component to measuring SIF yield 
(SIFy), a quantity related to the Light Use Efficiency (LUE) of vegetation.  
Chapter 4 presents the results of applying SIF measurement techniques and calculations 
of SIF metrics such as SIFy to a temperate deciduous forest canopy during senescence. An 
analysis of SIF and SIFy and a comparison to other vegetation indices (VIs) currently used to 
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model GPP and Net Photosynthesis (NP) in remote sensing applications is presented. SIF metrics 
versus VIs as better representations of photosynthetic functioning of vegetation are evaluated. 
The field data is then compared to satellite-based measurements of SIF metrics and VIs over 
similar spatiotemporal scales. Results suggest that SIF metrics and VIs are complementary in 
recording vegetation functioning, and, although SIF detected a decrease in photosynthetic 
activity ahead of NDVI, SIF metrics utilizing these methods did not provide a link to GPP. We 
were able to account for APAR consistently across spatial and temporal scales in three 
independent techniques, which provides confidence in future calculations of SIFy to relate to the 
LUE parameter and PRI. Due to data being too sparse in time and space, we did not find good 
agreement between SIFy at field and satellite scale, or good agreement between SIF and GPP for 
the duration of the time series. However, the formulations of SIF and SIFy presented for the first 
time in this study were within the same order of magnitude. It is thought that a more dense 
dataset over a time period extending further into autumn would quantify the link predicted to 
exist between SIF and GPP and better characterize relationships among SIF, SIFy and VIs, 
potentially improving our ability to infer LUE. 
In chapter 5, the potential of satellite-based measurements of SIF to contrast varying 
levels of photosynthetic activity at regional scales in the tropics is tested. Nine 1ox1o regions in 
diverse locations in Brazil were selected and designated as phenoregions. Satellite-based 
measurements of SIF from the Orbiting Carbon Observatory-2 (OCO-2) were utilized to (1) 
compare and contrast the interannual variability of photosynthetic activity among phenoregions, 
(2) delineate wet to dry season changes, and (3) identify photosynthetic responses of vegetation 
to extreme climate events during the study period. Preliminary results show that there is little 
interannual variability in photosynthetic activity as captured by OCO-2 for the phenoregions 
outside the large relative uncertainty of the monthly means. The Amazon phenoregions showed 
the least variability among the nine regions, as expected, yet relative levels of photosynthetic 
activity were difficult to distinguish considering the uncertainty. Uncertainty and less variability 
than expected from these methods also hampered determinations of seasonality of photosynthetic 
activity of the biomes. Only the slightest differentiation could be made in any of the 
phenoregions.  
In chapter 6, photosynthesis of tropical forests for the whole country of Brazil was 
analyzed at the biome (large biome based on definition by the Brazilian Ministry of 
Environment) scale using satellite-based SIF measurements from OCO-2. A three-year time 
period of SIF for evergreen broadleaf forest (EBF) in each biome of Brazil was (1) compared to 
other vegetation classes within and across biomes, (2) evaluated for photosynthetic response to 
the La Niña event in 2015-2016, and (3) wet to dry season cycles were compared to identify 
peaks and lows of photosynthetic activity associated with seasonality. Results reveal that the 
variability of SIF in evergreen broadleaf forest classes is indistinguishable from the uncertainty 
for the Amazon biome, but is larger in all other biomes. However, uncertainties limit any 
conclusions being drawn about relative photosynthetic activity of SIF for EBF within or across 
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biomes. Only the largest amplitude variations were distinguishable in the analysis of interannual 
variability, such as those from deciduous forests and from crops, where alternating leaf on/off or 
crop/barren field cycles present the most extreme contrasts. The environmental variables 
included in this chapter also painted a picture of varying vapor pressure deficit (VPD) and fairly 
static lighting conditions and geometries, which can be further explored in future work to 
determine drivers of photosynthetic activity. An overview of structure and spatial and temporal 
scale is given in Figure 1. 
 
 
Figure 1. Overview of scale and organization of this dissertation. 
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2 A METHOD TO MONITOR PHOTOSYNTHESIS RESPONSE TO PLANT STRESS 
2.1 Introduction 
 
Chlorophyll fluorescence measured at the cellular to leaf scale has been a fundamental 
tool to study the physiology and functioning of plants typically by botanists, biophysicists, and 
physiologists (Baker, 2008; Buschmann, 2007; Campbell, Middleton, Corp, & Kim, 2008; 
Govindjee, 1995, 2004; Krause & Weis, 1984, 1991; Lichtenthaler & Miehe, 1997; Maxwell & 
Johnson, 2000; M. Meroni & Colombo, 2006; Schreiber, Groberman, & Vidaver, 1975). 
Accurate measurements of F have great implications in these fields as well as agriculture and 
ecology and beyond (Baker, 2008; Gomez-Chova et al., 2006; Guanter et al., 2014; Maxwell & 
Johnson, 2000; M. Meroni & Colombo, 2006; Murchie & Lawson, 2013; Panigada et al., 2014; 
Verrelst et al., 2016). Our knowledge of F at this level is largely attributable to a multitude of in 
vivo F work using pulse-amplitude modulated (PAM) measurements (Baker, 2008; Damm, 
Elbers, et al., 2010; Govindjee, 1995, 2004; Krause & Weis, 1984, 1991; Magney et al., 2017; 
Schreiber, Hormann, Neubauer, & Klughammer, 1995). PAM fluorimetry selectively opens and 
closes photosystem II (PSII) reaction centers using a pulse of known excitation light energy and, 
through recording of the relative changes in emission from the leaf, can measure the 
photosynthetic quantum yields of absorbed photons.  
PAM is the most widely utilized method to observe and understand the photosynthetic 
functioning of the plant and can be applied broadly to track the light reactions of photosynthesis 
and connect to carbon fixation (Baker, 2008; G. E. Edwards, 1993; Genty, Briantais, & Baker, 
1989; Krause & Weis, 1991; Maxwell & Johnson, 2000). Due to the developments in PAM 
fluorimetry, there exists a very good understanding of the photosynthetic process at leaf scale 
under active excitation. However, despite well-understood methods and advances made with 
PAM, interpretation of the results is often less than straightforward (Damm, Elbers, et al., 2010; 
Kalaji et al., 2014; Logan, Adams, & Demmig-Adams, 2007; Magney et al., 2017; Maxwell & 
Johnson, 2000; Verrelst et al., 2016).  For instance, in cases where carbon fixation relationship 
measurements are not applicable (e.g. (Logan et al., 2007)). Additionally, there are difficulties 
applying and relating PAM results beyond leaf and plant scale and extrapolating “active 
techniques”, such as PAM to other illumination excitation scenarios (Cendrero-Mateo et al., 
2016; M. Meroni & Colombo, 2006).   
Acknowledging that the success of PAM fluorimetry laid the foundation, research into 
passive methods aim to overcome these limitations. Approaches to relate active and passive 
measurements are important steps and have promising results, yet correlating active and passive 
quantities has proven very difficult, largely due to the fundamental difference in photosynthesis 
functioning under an active laser-induced excitation versus other illumination excitation sources 
(Cendrero-Mateo et al., 2016; Louis et al., 2005; McMurtrey et al., 2003; M. Meroni, Rossini, et 
al., 2009; Pérez-Priego, Zarco-Tejada, Miller, Sepulcre-Cantó, & Fereres, 2005; Porcar-Castell et 
al., 2014; Rascher, 2009; P. J. Zarco-Tejada, Suarez, & Gonzalez-Dugo, 2013). In addition to 
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studies bridging PAM and passive data, studies utilizing passive remote sensing methods have 
shown that robust measurements of F and solar-induced fluorescence (SIF) are increasingly 
useful in monitoring, measuring and mapping photosynthetic functioning of plants at multiple 
scales by employing a multitude of different instrumentation and methods (Cendrero-Mateo et 
al., 2016; Flexas, Briantais, Cerovic, Medrano, & Moya, 2000; Flexas et al., 2002; Guan et al., 
2016; Guo et al., 2014; M. Meroni, Panigada, et al., 2009; M.  Meroni et al., 2008; Moreno & 
Moran, 2014; Moya et al., 2004; Panigada et al., 2014; Raji, Aparna, Mohanan, & Subhash, 
2016; Van Wittenberghe et al., 2013; Willits & Peet, 2001; P. J. Zarco-Tejada et al., 2009; P. J. 
Zarco-Tejada, González-Dugo, & Berni, 2012; P. J.  Zarco-Tejada, Miller, Mohammed, Noland, 
& Sampson, 2002; P.J. Zarco-Tejada, Pérez-Priego, Sepulcre-Cantó, Miller, & Fereres, 2004). 
Even without direct cellular-level mechanistic links, pursuing passive quantification of F is 
critical because passive techniques are not restricted to leaf level and can be relatively accessible 
techniques, in terms of cost, operation, and time commitment, compared to PAM fluorimetry for 
monitoring plants for signs of stress (Amoros-Lopez et al., 2007; Cendrero-Mateo et al., 2016; 
Porcar-Castell et al., 2014; P. J. Zarco-Tejada, Miller, Mohammed, & Noland, 2000).   
Passive hyperspectral remote sensing instruments have been increasingly employed to 
predict physiological functioning of vegetation through high-resolution observations and 
examining specific regions of the measured spectra. The red and far-red region of the spectrum 
from approximately 650 to 850 nm includes the largest contribution of F by percentage of the 
signal from plants and has served as a basis for continued improvement in monitoring 
functioning vegetation studies in the literature (Alonso, Moreno, Moya, & R. Miller, 2003; 
Buschmann, 2007; Campbell et al., 2008; Damm et al., 2015; Daumard, Goulas, Ounis, Pedros, 
& Moya, 2014; I. Moya, 1992; Lichtenthaler & Miehe, 1997; Liu, Guan, & Liu, 2017; 
Migliavacca et al., 2017; Moya et al., 2004; M. Rossini et al., 2016; M. Rossini et al., 2015; S. 
Evain, 2004; Yves Goulas  & Abderrahmane Ounis 2017). There is a contribution to the overall 
signal from F from the ultraviolet to visible portions of the spectrum, where there are peaks at 
340,445, 530, 685, and 740nm, with 685 and 740 nm being the largest (Campbell et al., 2008; 
Lichtenthaler & Miehe, 1997). The red peak (Fred, F@685) nm and far-red peak (Ffar, F@740) 
and the red-far-red ratio (Fred-Ffar ratio) are metrics that have been utilized in the literature to 
detect stressed vegetation and the crop and estimate plant functioning status (Campbell et al., 
2008; McMurtrey et al., 2003; Middleton, Chappelle, Cannon, Adamse, & Britz, 1996). Most 
passive remote sensing literature, however, generally relates red fluorescence to PSII and far-red 
fluorescence to PSI if such a comparison is needed in the study e.g. (Damm et al., 2015; M. 
Rossini et al., 2015). Although there is a relative contribution to the red and far-red peaks from 
the photosystem I (PSI) and Photosystem II (PSII), the red and far red peaks are often 
corresponded closest to the wavelength of light to which the photosystem is most reactive, 700 
nm and 680 nm, respectively. It has been shown that relating the fluorescence peaks to the PSI 
and PSII contributions is much more complex and depends on temperature, time exposed to 
illumination and other environmental factors (Baker, 2008; Buschmann, 2007; Evans, 1987; 
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Fabrice Franck, 2002; Genty et al., 1989; Masaki Hiraki, 2003; Murchie & Lawson, 2013; 
Palombi et al., 2011; Schreiber et al., 1995; Stirbet & Govindjee, 2011; Tubuxin, Rahimzadeh-
Bajgiran, Ginnan, Hosoi, & Omasa, 2015).  In normal leaves, Fred is less than or close to Ffar, but 
in stressed leaves, the Fred increases and Ffar decreases. The shape of these two peaks at room 
temperature depend on the concentration of chlorophyll a as well as the structure, constituents, as 
mentioned earlier. The optical properties of the leaf determine the depth of the penetration of 
incident light and remission of F from these depths. The Fred region suffers from reabsorption of 
F photons to a greater degree than the Ffar region, explaining the lower peak of Fred than Ffar. For 
these reasons, the Fred-Ffar ratio decreases with increasing chlorophyll content thus is a good 
metric for stress reactions of the leaf or plant. This ratio has applications in photosynthesis 
research, but also more broadly in agriculture, horticulture, forestry and ecology to detect and 
monitor plant stress or effects (Buschmann, 2007; Julitta, 2015; Lichtenthaler & Miehe, 1997; 
Liu et al., 2017; Migliavacca et al., 2017; M. Rossini et al., 2015; Wieneke et al., 2016; Yves 
Goulas  & Abderrahmane Ounis 2017; Y. Zhang et al., 2014). 
Another important component to the measurement and interpretation of F is the incident 
illumination. The incident excitation can come from a natural or artificial source and can be 
continuous or limited in wavelengths supplied. Active sensing techniques utilize a laser to excite 
the photosynthetic machinery while studies of solar-induced fluorescence require natural solar 
insolation as the source. In studies where actinic light is desired, researchers can choose to limit 
the incident radiation in the F region in order to expose all or a portion of the F emission by the 
plant. Actinic light sources, like light emitting diode (LED) grow lights, have applications as 
supplementary or sole lighting systems in horticulture and other forms of crop production on 
Earth and as we move toward growing more food in space (Ahlman, Bånkestad, & Wik, 2017; 
Bula et al., 1991; Christopher S. Brown, 1995; da Silva, do Nascimento, da Silva Gouveia-Neto, 
& da Silva-Jr, 2012; Farkas et al., 2011; G. Massa, 2008; G.D. Goins, 1997; Kim, Goins, 
Wheeler, & Sager, 2004; Morrow, 2008; Neil C. Yorio, 2001). These solid-state light sources are 
relatively cool, compact, and are being extensively studied to generate improvements in 
performance and production and have used the Fred-Ffar ratio to quantify performance levels 
(Bula et al., 1991; G. Massa, 2008; Morrow, 2008).  In this study, an LED grow light was 
selected for the excitation source, with emission in red and blue wavelengths, for the potential to 
provide sufficient illumination in the red and blue region to stimulate photosynthesis, thus F, and 
because there is little incident irradiance in the F region opening the possibility to examine a 
large portion of the F spectrum under non-stress and stress conditions. 
Stress from excessive temperatures or other extreme conditions can have a negative effect 
on crop yield in the greenhouse or fields. This presents a compound problem in agricultural 
settings because costs to mitigate problems can be very high, but the cost to collect data on these 
conditions needed to understand the extent of effects of environmental conditions can be equally 
costly and time intensive. F measurements might serve to address some of these issues and assist 
in monitoring and mitigation (Cendrero-Mateo et al., 2016; Guan et al., 2016; J.L.Monteith, 
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1977; Liu et al., 2017; K. J. McCree, 1972; Murchie & Lawson, 2013; Panigada et al., 2014; 
Pinto et al., 2016; van der Tol et al., 2016; Wagle, Zhang, Jin, & Xiao, 2016; Willits & Peet, 
2001; E. C.-J. Z. ZHANG, Liang-Yun LIU, Ji-Hua WANG and Ren-Chao WANG, 2005; Zhao 
et al., 2015). Willits and Peet (2001) conducted a study to utilize active measurements of F of 
tomato leaves to indicate temperature stress points. In studies designed to illicit an extreme stress 
response and study F or SIF, a photosystem II (PSII) inhibitor has been employed. An 
algicide/herbicide, called 3-(3′,4′-dichlorophenyl)-1,1-dimethylurea (DCMU) inhibits 
photosystem II (PSII) by affecting the plastoquinone site and blocking reoxidation by the 
plastoquinone pool. By blocking the photosystem II process, excess energy is diverted to 
chlorophyll fluorescence, thus causing an increase in F (Krause & Weis, 1984; Masaki Hiraki, 
2003; M. Rossini et al., 2015). DCMU does not inhibit leaf pigment in the short term, thus its 
application should not induce a change in the reflected visible light from plants before a 
significant increase in fluorescence is detected. However, due to the complex nature of F and its 
relationship to multiple environmental factors, it is also possible that other stress factors would 
initiate a significant rise in F, making it necessary to always consider results convolved (Gregory 
A. Carter, 1996; Krause & Weis, 1984; Lichtenthaler & Miehe, 1997; M. Meroni & Colombo, 
2006; Porcar-Castell et al., 2014).  
DCMU has been applied in studies of chlorophyll fluorescence employing active 
techniques(Baker, 2008; Krause & Weis, 1991; Lichtenthaler & Miehe, 1997; Masaki Hiraki, 
2003; Schreiber et al., 1995; Willits & Peet, 2001), passive techniques(Gregory A. Carter, 1996; 
M. Meroni & Colombo, 2006; Pinto et al., 2016; M. Rossini et al., 2015; van der Tol et al., 
2016), and a few studies have used both techniques simultaneously(I. Moya, 1992; Porcar-
Castell et al., 2014; Yves Goulas  & Abderrahmane Ounis 2017). To further highlight the 
progress made to detect, track and monitor chlorophyll fluorescence throughout the course of 
these studies, several reviews have been undertaken to categorize the spatial and temporal scales 
of the studies, organize the parameters and instrumentation used, and place the purposes of the 
studies into context (Gina H. Mohammed (P & M Technologies et al., 2014; Gorbe & Calatayud, 
2012; Malenovsky, Mishra, Zemek, Rascher, & Nedbal, 2009; M. Meroni, Rossini, et al., 2009; 
Murchie & Lawson, 2013; M.  Rossini et al., 2014; Stirbet & Govindjee, 2011). The bulk of 
these studies and reviews have focused heavily on the development of relatively complex 
scientific disentanglement of photosynthesis and fluorescence parameters with only a limited 
number addressing general application to horticulture or agriculture, which may in the near 
future lead to implementation where a specialist is not be required. Gorbe and Calatayud (2012) 
and Willits and Peet (2001) state that the measurement and interpretation of F have the potential 
to improve productivity and reduce losses associated with stressors on production plants in 
horticulture. Despite this important potential, accessible passive techniques have not been 
adequately developed for practical implementation in most small horticulture or agricultural 
operations. 
In this study we establish protocols to test a passive method to detect stress on tomato 
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plants ahead of visible and reflectance based optical signals of stress for application in the areas 
of horticulture and agriculture. The aim of this study was to employ passive techniques to track 
changes in photosynthesis with an instrument setup manageable for practical use in an 
agriculture production setting. 
2.2 Materials and Methods 
2.2.1 ASD Handheld 2 Pro Spectroradiometer (HH2) 
 
The ASD FieldSpec® HandHeld 2™ Spectroradiometer (HH2) is a passive, portable 
field spectroradiometer weighing 1.2 kg having dimensions of 90x140x215 mm. The HH2 
collects radiance and reflectance values at a sampling interval of approximately 1.5 nm and ±1 
nm wavelength accuracy over the spectral range from 325 to 1025 nm. According to the 
manufacturer, the instrument has a reported spectral resolution of <3 nm at 700 nm (ASDInc., 
2010) using the “Sparrow criteria”(ASDInc., 2012), which defines the spectral resolution as the 
wavelength separation between two monochromatic peaks necessary to distinguish them as 
distinctly different peaks. In the literature, the spectral resolution of the ASD Fieldspec FR, 2, 3, 
4, and the HH2 are reported in the more common format, full width-half maximum (FWHM) to 
be 3 nm (Carrère, Spilmont, & Davoult, 2004; Damm et al., 2014; Damm, Schickling, Schläpfer, 
Schaepman, & Rascher, 2010; Julitta, 2015; M. Meroni, Rossini, et al., 2009; Small et al., 2009; 
P. J. Zarco-Tejada, Morales, Testi, & Villalobos, 2013). The HH2 has an optimal operating 
temperature of 0 to 40oC and less than 90% humidity recommendation. When compared to the 
larger ASD FieldSpec spectroradiometers, the HH2 matches the spectral resolution in the 325-
1025nm range, operating with identical components but with a greater degree of compactness, 
portability, durability, and the ability to operate untethered from a laptop.  
 
Figure 2. Left: ASD Handheld 2 Pro Spectroradiometer (HH2) with the Spectralon® white reference 
panel targeted. Right: HH2 and accessories in the case. 
2.2.2 Experiment setup 
In June 2017, four similar sized and foliage Bush Goliath Hybrid Tomato (scientific 
name Solanum lycopersicum) plants, each with 3-4 small green tomatoes on  stems under the 
canopy of leaves, were selected from a plant nursery and placed in the laboratory under 
fluorescent lighting. On June 13, 4 days prior to the beginning of the experiment, control and 
target (treatment) plants were chosen at random, photographed and marked on the label (Figure 
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3). The control and target plants were marked and placed back with the other plants. On June 14, 
three days prior to the beginning of the experiment, all plants were watered (300ml). During the 
three days prior to the beginning of the experiment, the control and target plants were used to test 
the experimental setup and test measurements were conducted. The other two plants remained in 
the laboratory under ambient fluorescent lighting for the duration of the experiment.  
 
 
Figure 3. Tomato plants chosen for the experiment. a) top view of tomato plants. The control plant is 
on the left and the target (treatment) plant is on the right. b) Front view of the tomato plants for the 
experiment (control-left; target-right). c) Top view of tomato plants with meter stick as reference. The 
cage top is used as position height for the white reference panel measurements. 
 The control and target plants were placed in a specially constructed dark tent 
environment utilizing a military surplus x-ray development field tent (Figure 4).  Two separate 
spaces within the dark tent were constructed with identical area, ventilation, and illumination to 
maintain a control and target plant environment. A MiracleLED™ 2.2 Watt LED was placed in 
each chamber in a flexible bulb holder mounted on a single lamp base (Figure 4, b,c,d). These 
holders and bulbs were tested prior to this study to confirm that any differences in the bulbs and 
holders in either combination were not detectible. Also in previous tests, the 2.2W LED was 
shown to provide sufficient illumination to allow the HH2 instrument to optimize. The HH2 
optimize function finds the ideal integration time to maximize the signal to noise ratio without 
saturation. Ideally, the signal in digital numbers (DN) is ¾ of the full scale, so when the peak 
exceeds this, saturation is indicated. When this threshold cannot be reached, the instrument fails 
to optimize. The emission spectrum of each LED was recorded with the HH2 and the 
Spectralon® white reference panel (Figure 2, a) in order to examine the extent of the spectra and 
verify each could provide sufficient incoming radiation to operate the instrument and minimize 
noise. A timer on the lamp base assured that the LEDs were turned on at 7:00am CDST each day 
and turned off at 7:00pm CDST each evening. The tomato plants were placed one in each 
chamber under the LED lamps (Figure 4, b, d). 
The HH2 was set up in the target chamber as shown in Figure 4d. Also in the chamber 
was an ASD Illuminator Reflectance Lamp (IRL, 70W stable quartz-tungsten-halogen calibrated 
light source, ASD-Panalytical, Boulder, CO.) and Spectralon® white reference panel (not visible 
behind HH2 in Figure 4) to make incoming irradiance measurements each day of the two 
illumination sources. The set up criteria for the HH2 instrument should account for variations in 
the experiment and scientific objectives of the measurements.  There are some general collection 
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protocols that should be adhered to as much as possible by the researcher. The best spectral 
measurements are recorded from diffuse reflected radiation from the target where shadowing, 
specular reflection, and cosine effects are minimum, while maximizing the field of view, and 
sampling capabilities of the instrument. Illumination geometry, instrument placement, and 
collection protocol all play a vital role in useful measurements. The field of view should be filled 
with the target and shadows eliminated. To assure the best measurements were acquired, a series 
of test measurements were run for three days prior to the beginning of the experiment (June 14 
and June 17) and observations examined.  During these tests, the height of the illumination 
sources and the HH2 as well as the angle of orientation to the target tomato plant were adjusted 
to maximize filling of the field of view by leaves and least shadowing in order to assure the most 
clear resulting fluorescence spectra. The final heights of the illumination sources were 
approximately 30 cm from the canopy and the HH2 was approximately 20 cm from the canopy. 
The illuminators were approximately 20 degrees from vertical and the HH2 was approximately 
10 degrees from vertical. The field of view of the HH2 was approximately 10 cm diameter (not 
completely circular) and filled with as much of the canopy leaves as possible. The HH2 and 
illuminators were arranged intentionally offset 90 degrees from one another around the plant. 
Figure 4 c and d shows the general arrangement, but at +10 cm heights than the final 
experimental setup. Close canopy photos were taken of the control and target plants each day of 
the experiment under an incandescent bulb in a stainless hemispherical reflector. 
 
Figure 4. Control and target tomato plants in separate chambers of dark tent. a) Control tomato plant 
under regular incandescent illumination (for photos). b) Control tomato plant in dark tent under 2.2W 
MiracleLED™ Lamp illumination. c) Target (treatment) tomato plant under incandescent (for photos) 
illumination. 2.2W LED, HH2 visible. ASD illuminator (for NDVI white reference measurements) 
obscured by HH2 and tripod. d) Target tomato plant setup under 2.2W LED illumination. 
A summary of the experiment timeline is provided in Table 1. Measurements were made 
using the HH2 in standalone mode with auto-timing feature set to 30-minute intervals for nine 
days. In previous tests, the timing of the measurements drifted by the integration time, which 
compounded over long periods if the measurement sequence goes interrupted. For this reason, 
the sequence was stopped one time daily immediately following a measurement mid-day. This 
interruption period gave the opportunity to make set of target plant and white reference panel 
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measurements under the IRL in order to calculate NDVI for the target plant each day. The 
Spectralon® white reference panel was rested each day at the top of the canopy centered with the 
field of view using the laser site. Pictures of both the target and control plants under LED and 
incandescent illumination were also made before restarting the auto-measurements. The LED 
was off for a maximum of ten minutes each day during this time and a minimum of 20 minutes 
passed before the next auto-measurement made to assure minimal interference with the plant 
functioning and fluorescence observations.  
During the mid-day data download and measurement protocol on day 1 of the 
experiment, a dose of DCMU (15ml DCMU) mixed with 300ml water was applied to the soil of 
the target plant. The large application amount relative to what might be used for weed control in 
a natural setting was chosen to illicit an intentional stress response for the testing of these 
methods(M. Rossini et al., 2015). The DCMU is mixed with water according to application 
instructions because water is needed for the plant to uptake the DCMU. The control and other 
plants were also watered with 300ml of water on Day 1.  
 
Table 1. Timeline of Tomato plant stress experiment. 
Date Day Timeline T(mid) 
6/13 -4 Plants placed in laboratory, Control and Target selected, photographed, blind labeled 26.6 
6/14 -3 300ml water applied to all plants, Tested heights/orientation under LED 26.1 
6/15 -2 Tested heights/orientation under LED 26.1 
6/16 -1 Tested heights/orientation under LED n/a 
6/17 0 Experiment measurements begin  26.0 
6/18 1 300ml water applied to all plants, +15ml DCMU to target plant, Experiment continues 25.7 
6/19 2 Experiment continues 25.1 
6/20 3 Experiment continues 24.6 
6/21 4 Experiment continues 25.5 
6/22 5 Experiment continues 25.3 
6/23 6 Experiment continues 25.1 
6/24 7 Experiment continues 25.2 
6/25 8 Experiment ends 24.8 
 
2.2.3 Fluorescence and NDVI to track stress response  
 
A daily average fluorescence spectrum was extracted by selecting the 650-800 nm region 
of each observation made between 8:00amCDST and 6:00pmCDST and the standard deviation at 
each wavelength recorded. The first and last 1-2 measurements of the day were not used to 
prevent inclusion of any fluorescence reading that would not be steady state fluorescence or any 
measurement that may be influenced by a mismatch of the lamp timer and HH2 internal 
clock/auto-timer setting, or any drift in either timer. In order to capture the important trend in the 
fluorescence data and reduce the noise, the moving average was applied to the data. The 
individual observed fluorescence spectra were smoothed using IDL’s TS_SMOOTH function, 
computing the central-moving averages using five time series values to compute each moving 
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average for each wavelength along the daily time series.  
In addition to a portion of the fluorescence spectrum to track the response of the tomato 
plant, several portions of the fluorescence spectra were extracted and selected for examination as 
metrics of photosynthetic activity according to the literature, including peak measurements of red 
fluorescence and far red fluorescence and their ratio and extracted maximum fluorescence from 
each observation (Buschmann, 2007; Campbell et al., 2008; Cogliati et al., 2015; Damm et al., 
2015; Daumard et al., 2014; Flexas et al., 2000; Lichtenthaler & Miehe, 1997; Liu et al., 2017; 
Louis et al., 2005; Magney et al., 2017; M. Meroni, Rossini, et al., 2009; Migliavacca et al., 
2017; Palombi et al., 2011; M. Rossini et al., 2016; M. Rossini et al., 2015; Verma et al., 2017; 
Wagle et al., 2016; Yves Goulas  & Abderrahmane Ounis 2017; P.J. Zarco-Tejada, Pushnik, 
Dobrowski, & Ustin, 2003; E. C.-J. Z. ZHANG, Liang-Yun LIU, Ji-Hua WANG and Ren-Chao 
WANG, 2005; Y. Zhang, Guanter, Berry, van der Tol, & Joiner, 2016). The maximum 
fluorescence of each observation, Fmax, was extracted and a daily mean Fmax computed. This 
maximum is not to be confused with the dynamic fluorescence maximum after dark adaptation 
found in the literature and in our previous tests discussed in Appendix  8.1.4 (Flexas et al., 2000; 
P.J. Zarco-Tejada et al., 2003; E. C.-J. Z. ZHANG, Liang-Yun LIU, Ji-Hua WANG and Ren-
Chao WANG, 2005).  F values at 685 and 740 nm, F@685 and F@740, are generally expected 
to be the peaks in the red fluorescence and far-red fluorescence ranges, respectively. These 
values were extracted from observed spectra and daily means computed for each. While the HH2 
records a value at every nm, the FWHM is approximately 3nm (see section 2.2.1). Therefore, we 
employ a second method to measure the peak fluorescence to account for potential noise effects 
when choosing one recorded wavelength. In this second method, a range of ten wavelengths 
around the peak was extracted for each observation and the average calculated. The averages of a 
region of red fluorescence (680-690 nm) and far-red fluorescence (735-745 nm) around the 
peaks were computed for each spectrum and a daily mean computed, Fred and Ffar respectively. 
The last of the fluorescence metrics is the red fluorescence-far red fluorescence ratio (Fred-Ffar 
ratio). Fred and Ffar were used to calculate a Fred-Ffar ratio by 
 
Fred Ffar Ratio =
Fred
Ffar
           (2.1) 
for each spectrum and a daily mean Fred-Ffar ratio computed. Utilizing the reflectance spectra 
calculated from each once-daily ASD illuminated plant target spectrum and white reference 
panel spectrum ratio, NDVI was calculated by  
   
 
NDVI =
R800nm − R680nm
R800nm + R680nm
      (2.2) 
where Rλ is the reflectance and λ is the indicated wavelength.  
2.3 Results 
2.3.1 Measuring Fluorescence 
Under laboratory conditions, the LEDs were employed to provide illumination in the 
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PAR range, an actinic illumination source. While these LEDs provide ample radiation in the 
PAR range, where we wished to make direct measurements of F as described above, there is 
little incoming irradiance. Figure 5 shows the spectrum of a 2.2W LED illuminating the 
Spectralon® white reference panel. The incoming irradiance from the illumination source is 
primarily in the red and blue wavelength ranges. The peaks are near 626 nm and 453 nm. These 
two peaks are considered to be primary inputs to the photosynthetically active range (PAR) for 
vegetation, the rationale for their use as grow lights (Bula et al., 1991; Christopher S. Brown, 
1995; Folta & Maruhnich, 2007; G.D. Goins, 1997; Inada, 1976; K. J. McCree, 1972; K.J. 
McCree, 1972). As seen in the inset of Figure 5, the fluorescence range (0.680-0.78 µm) is 
relatively unpolluted by the 2.2 W LED. This window is a key to detection and monitoring F in 
this technique. Other studies have accomplished a wavelength window in order to observe F in 
the laboratory through the utilization of filters in relatively complex experiment setup 
(Malenovsky et al., 2009; M. Meroni, Panigada, et al., 2009). Here, we exploit the window 
provided by the commercially available LED grow light. 
LED Irradiance
400 600 800 1000
Wavelength, (nm)
0.00
0.02
0.04
0.06
0.08
0.10
Irra
dia
nc
e, 
(W
⋅m
−2
⋅nm
−1
)
680 700 720 740 760 780 800
Wavelength, (nm)
0
5.0
×10
−5
1.0
×10
−4
1.5
×10
−4
 
Figure 5. Plot of 2.2 W LED grow lamp. Inset: zoom in to the fluorescence range from 670-800nm. 
	
 Figure 6 shows two radiance spectra of the tomato plant from Day 1 of the 
experiment before DCMU application and the LED radiances in the F range of 650 nm to 780 
nm. The two peaks of F, Fred and Ffar, are distinguishable in the figure. The Ffar peak is larger 
than the Fred peak and is approximately 5 times greater than the emission of the LED. The Fred 
peak of the tomato for these two measurements is only slightly higher than the emission of the 
LED in that range, approximately 1.45 times the value. When considering the instrument noise, 
this is not a great deal of separation and indicates there are photons emitted in the Fred range, 
which influences the measurements of Fred. This confines us to observations of relative changes 
in Fred and comparisons of Fred to Ffar within this experiment only. 
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Figure 6. Fluorescence range of a sample of tomato spectra and LED spectrum on Day 1 of the 
experiment. 
2.3.2 Stress response to photosynthetic inhibition 
The daily averages of the smoothed fluorescence spectra are shown in the left columns of 
Figure 7 (Days 0-4 of the experiment) and Figure 8 (days 5-8 of the experiment). The daily 
average smoothed F spectrum is shown in blue and the pink error regions around each smoothed 
spectrum represent the standard deviation. Corresponding daily photographs of the target tomato 
plant are shown in the center column and visual descriptions of the target tomato plant are show 
in the right column of Figure 7 and Figure 8. The extracted F spectra in radiances for each 
observation showed variation over the daily cycles of the experiment. The individual and daily 
average fluorescence spectra are shown in the Supplementary Material 8.1.1. 
Days 0 and 1 show the near and far-red peaks expected for the fluorescence range and, 
although the two peaks are less distinguishable on days 2-4 as the variability for each day 
increases, they are distinguishable (Figure 7, left column). The photos and descriptions show the 
plant canopy is visibly unchanged from Day 0 to Day 3, with the exception of one small wilting 
leaf near the center of the canopy on day 3 (Figure 7, center and right column). The visual 
inspection of the lower parts of the plant near the soil on Day 3 revealed some discoloration of 
the lowest portions of the stalks not visible from above the canopy (not shown).  The red peak 
increases by day 3 by approximately 4 times, while the far red peak increases by 3.5 times, likely 
due to the increase in F due to photosynthetic inhibition of the poison also responsible for the 
stalk discoloration. After this Day 3 peak in the fluorescence values, each peak is lower on day 4, 
yet more elevated than prior to the application of the DCMU. It is on Day 4 where the first signs 
of leaf discoloration and some wilting appear in the canopy. There were approximately eight 
leaves wilted or turned over from previous days and eight others with dark discoloration within 
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the field of view. There was an estimated 20 leaved left visibly unchanged. Stalks underneath 
showed a greater degree of discoloration. The three green tomatoes on the target plant remained 
visibly unchanged. 
By Day 5 of the experiment, the two peaks of fluorescence are indistinguishable from 
each other or other regions of the F spectrum and remain flat throughout the experiment, 
eventually reducing to noise around zero by Day 7 (Figure 8, left column). Most leaves of the 
canopy on Day 5 show some withering, discoloration, spots, or slightly less green at a minimum 
(Figure 8, middle column, top row) and some portions of soil began to show through the canopy 
when viewed from above. Within the field of view, some green remains in the leaves, but many 
green leaves in the photo are outside the field of view, so approximately less than 1/3 of the 
original green area remains. Days 6 and 7 show increasingly less green and a wilting of the 
majority of the canopy leaves. By Day 6 of the experiment, all leaves show black and/or yellow 
discoloration and leaves that remain healthy enough to measure are mostly outside the field of 
view or lower on stems than the original canopy leaves and significant soil is visible through the 
plant canopy. By Day 7, even these leaves are wilted and mostly discolored with black. Day 8, 
the final day of measurements, the recorded F spectra and photos show little to no green 
vegetation being monitored by the HH2.  
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Figure 7. Daily average smoothed fluorescence for days 0-4 of experiment (left column). Photographs 
of tomato plant each day 0-4 (middle column). Description of visual inspection of plant for each day 0-
4 (right column). 
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Figure 8. Daily average smoothed fluorescence for days 5-8 of experiment (left column). Photographs 
of tomato plant each day 5-8 (middle column). Description of visual inspection of plant for each day 5-
8 (right column). 
2.3.3 Fluorescence versus NDVI 
The extracted F metrics and NDVI were plotted to examine stress responses as measured 
by fluorescence versus the reflectance-based NDVI as well as track changes over time for the 
study. Figure 9 a is a plot of the daily mean maximum fluorescence, Fmax, the daily mean red 
fluorescence, Fred, (an average of 680-690 nm range for each sample, then the mean for the day 
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calculated) and daily mean far-red fluorescence, Ffar,  (an average of 735-745 nm for each 
sample, then the mean for the day calculated). Fmax, Ffar, and Fred trend with one another, 
indicating the highest fluorescence is measured on day three regardless of the region of the 
fluorescence spectrum extracted.  
Day 0 and 1 have similar mean values, an indication that the DCMU applied on Day 1 of 
the experiment has not had a measurable effect. By Day 2, the increase in F begins to occur, 
reaching a maximum mean amount on Day 3. From Day 4 to the end of the experiment, all three 
F metrics trend down, with Ffar and Fred reaching a minimum values near zero. Fmax is extracted 
from the highest value of each observed spectrum and, due to noise effects does not reach the 
zero level of Fred and Ffar, which are based on several wavelengths in the F range. 
As expected with the reabsorption of F photons in the red range discussed earlier, Ffar has 
a higher value through day 5 of the experiment, when the Fred and Ffar become within the range of 
standard deviation of one another. With photosynthesis inhibition through DCMU, Fred can 
increase relative to Ffar over the course of the stress and degeneration cycle as the plant dies. Ffar 
and Fred are outside the standard deviation of one another on Days 0, 1, 3, and 5. Fmax remains 
higher throughout the experiment. Not shown are daily means of F@685 and F@740. F@685 is 
the peak of the red fluorescence and F@740 is the far-red fluorescence peak. The trends for 
F@685 and F@740 are similar to Fred and Ffar over the course of the experiment, with F@740 
being the larger value except Days 4 and 7. For the first two says, F@740 and F@685 are 
outside one standard deviation of one another, but their standard deviations begin to overlap after 
Day2.  
Shown in Figure 9 b is the normalized difference vegetation index, NDVI, of the tomato 
plant taken one time daily for the experiment. NDVI is an index measured from -1 to 1. While 
NDVI decreases throughout the experiment, the range of NDVI is approximately 0.87 decreasing 
to 0.68 and does not trend with the measurements of F in the experiment. The NDVI trend does 
not show any sudden response to the DCMU poisoning of the plant prior to visible signs of stress 
on the plant on day 4. These visible signs were induced by the over application of DCMU used 
to elicit an extreme stress on the tomato plant. 
 Figure 9 c is the daily mean of the Fred-Ffar Ratio. Error bars indicate the standard 
deviation for each day. The inset is a plot of the first five days of the experiment highlighting the 
trend of increasing Fred-Ffar Ratio. During this period, the standard deviation of Fred-Ffar Ratio are 
relatively low. Days 5-8 indicate a great deal of noise relative to the Fred-Ffar Ratio. The Fred-Ffar 
Ratio rises substantially after application of the DCMU through Day 5 of the experiment, 
indicating that the Fred rises relative to the Ffar until the Day 6 mark and beyond where the Fred 
and Ffar values become very close in value and the standard deviation of each days’ 
measurements, note Day 6, becomes very large. 
 Throughout the course of the experiment, the control tomato plant was kept under 
the same lighting and environmental conditions as the target plant and it was inspected visually 
and photographed each day. The remaining two tomato plants remained in the laboratory under 
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common fluorescent lighting throughout the remainder of the experiment. The control plant did 
not show any visible signs of stress throughout the experiment. The remaining plants, although 
not closely inspected or photographed did not show signs of stress or significant changes. The 
control plant and plants not involved with the experiment were placed together after the 
conclusion of the experiment and, with regular watering and care, remained healthy.  
 
Figure 9. Selected fluorescence metrics time series and NDVI time series for the experiment. a) Daily 
mean Fmax, Fred and Ffar. Error bars indicate the standard deviation for each day. b) The normalized 
difference vegetation index, NDVI, of the tomato plant taken one time daily for the experiment. e) 
Daily mean Fred-Ffar Ratio. Error bars indicate the standard deviation for each day. Inset plot of the first 
five days of the experiment highlighting the trend of increasing Fred-Ffar Ratio  
2.4 Discussion 
We employed a passive, handheld spectroradiometer and a common blue/red LED grow 
light (actinic illumination source) to detect and monitor the stress response of a tomato plant due 
to the application of a herbicide, DCMU. These techniques will help provide a basis, including 
evaluation and specialized coding, for subsequent monitoring experiments with applications in 
evaluating production plants in horticulture, agriculture, and other purposes. We place emphasis 
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on the methodology employed here to expose a large portion of the fluorescence spectrum for 
evaluation and future use, both in growing chambers, outdoors, and in commercial operation.  
 The HH2 instrument successfully captured the dynamics of steady-state 
fluorescence for the course of the experiment and showed that the trend in the measured 
fluorescence captured a stress response ahead of the commonly utilized NDVI. It is expected in 
vegetation studies that NDVI decline in value corresponding with the declining greenness and 
corresponding wilting of the leaf canopy. While this is indicative of stress, the trend in NDVI 
likely revealed a decline in the capacity of the tomato plant to perform photosynthesis, while the 
response of F was indicating a reduction in the actual photosynthetic activity utilized (Figure 9). 
The lag in time between these two distinct measurements was only a matter of two to three days 
in this experiment, however, when applied to plants under more common and slowly acting 
stressors or seasonality changes, this lag could be critical to save individual plants or crops. 
Additionally, these methods are able to compare and contrast the two peaks of 
fluorescence distinctly. Although it was not the emphasis of this work, there is the potential to 
examine the relative changes in the peaks to infer further about the relative contributions of PSI 
and PSII to the F measured for the tomato plants. In our examination of the Fred-Ffar Ratio, we 
show that the Fred response to DCMU poisoning increased at a relatively higher rate than Ffar, 
which was expected from this particular herbicide. DCMU is generally considered a PSII 
inhibitor. As mentioned before, there is contribution of PSI and PSII to both peaks, but at the 
sensitivity of this instrumentation, we would expect the Fred response to be larger because the 
PSII inhibition of photosynthesis would manifest as a dramatic increase in Fred. Also as expected, 
the near zero level in both Fred and Ffar at the end of the experiment, and eventually in NDVI, 
would be inevitable as the plant functioning shuts down from extreme poisoning. 
Our results further suggest the applicability of this methodology to assist in upscaling the 
methods to include larger groups of plants and for other illumination sources, such as the sun. 
Our results show that there is a distinction between the red and far-red fluorescence observed 
with this instrument with only a 2.2W input power. Since passive measurements of F can be 
extended spatially and can be straightforward to record with the HH2 and our companion 
programs and uncertainty and instrument error can be quantified, this study is only a step toward 
establishing further laboratory, field, and agricultural studies with these techniques. 
2.5 Conclusions 
These methods were developed to test the HH2 instrument and LED grow light protocols 
for potential uses in measuring and monitoring chlorophyll fluorescence in the laboratory, 
growing chamber, or commercial applications. Since measuring chlorophyll fluorescence yields 
direct information about the photosynthetic functioning of a plant and can expose potential stress 
reactions ahead of visible damage to a plant, our purpose was to develop an accessible method 
that could be spatially adapted for different scenarios, such as multiple plants or canopies and 
different illuminating conditions. While the manufacturer’s software did not readily show the 
capability of the HH2 to detect chlorophyll fluorescence, with our specialized programming and 
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tested protocols we prove the HH2 is capable of successfully monitoring chlorophyll 
fluorescence and can be potentially adapted for average users.  
These methods could be used to track the diurnal cycle of tomatoes or other production 
plants, as well as selective or random sampling for screening purposes. In fact, various plant 
types could be monitored with proper baseline and calibration. In addition to steady-state 
monitoring, we have shown that maximum dynamic fluorescence after dark adapting and decline 
to steady-state fluorescence is possible with these techniques, which could help infer 
photosystem functioning. Additionally, our results allow us to compare and contrast red and far-
red fluorescence observed with this instrument and with the 2.2W LED grow light. Given that 
passive measurements of F can be extended spatially, our techniques can be straightforward to 
repeat, and instrument and measurement uncertainty can be quantified, we suggest future studies 
to test other actinic and natural illumination sources, a wider variety of plant types, and multiple 
scales. Specifically, our results further suggest the applicability of this methodology to assist in 
upscaling the methods to include larger groups of plants and for other illumination sources, such 
as the sun. Since passive remote sensing techniques are being exploited to track solar-induced 
fluorescence (SIF), we will extend these methods in the next study to test these methods in 
tandem with SIF retrievals to evaluate the algorithm and techniques used for calculating SIF. To 
accomplish this, we will have to account carefully for incoming radiation, the spectral resolution 
of the HH2, and the signal to noise ration associated with the instrument-illumination source 
combination.  
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3 EVALUATION OF FLUORESCENCE FROM PASSIVE SPECTRORADIOMETER 
OBSERVATIONS 
3.1 Introduction 
Filling gaps in the Earth’s carbon budget and predicting feedbacks under the threat of 
climate change depend on improving our current knowledge of how and where carbon fluxes 
occur at multiple scales. Despite being the largest flux component of this global carbon budget, 
critical uncertainties remain regarding how to estimate gross primary production (GPP) at the 
needed scales. The promise of passive remote sensing measurements of solar-induced 
fluorescence (SIF) to estimate GPP quantitatively and to scale photosynthetic functioning 
parameters in absolute units across time and space from leaf to global levels has created an 
urgency for improvements in techniques (Porcar-Castell et al., 2014). An important part of the 
rationale for employing remote sensing data to estimate GPP is based on the light use efficiency 
(LUE) model (Guanter et al., 2014; Hilker, Coops, Wulder, Black, & Guy, 2008; Malenovsky, 
Mishra, Zemek, Rascher, & Nedbal, 2009; Monteith, 1972). Using this model as a basis, GPP 
can be calculated as, 
  GPP = PAR × fPAR × LUE  , (3.1) 
where PAR is photosynthetically active radiation and fPAR is the fraction of PAR absorbed by 
the plant  and LUE is light use efficiency (Damm, Elbers, et al., 2010; Frankenberg et al., 2011; 
Govindjee, 2004; Guanter et al., 2014; Hilker et al., 2008; Malenovsky et al., 2009; Monteith, 
1972; Porcar-Castell et al., 2014). Although often used in conjunction or interchangeably, even 
within one study, there is a distinction between gross primary production and gross primary 
productivity. In the most general terms, gross primary productivity refers to the rate at which 
photosynthesis occurs (Malenovsky et al., 2009; Monteith, 1972; Porcar-Castell et al., 2014) and 
gross primary production (GPP) is the amount of energy primary producers create as biomass in 
a given length of time (Damm, Elbers, et al., 2010; Frankenberg et al., 2011; Guanter et al., 
2014; Hilker et al., 2008). In remote sensing literature, GPP most often refers to gross primary 
production. When remote sensing studies aim to link SIF and GPP, researchers most often refer 
to gross primary production as an approximation of ecosystem gross photosynthesis 
(Frankenberg et al., 2011). As conceptualized according to Guanter et al. (2014) GPP can be 
written as 
  
GPP = PAR × fPAR × LUEp   (3.2) 
where LUEp is the efficiency with which the absorbed PAR is utilized during photosynthesis and 
SIF is 
  
SIF(λ) = PAR × fPAR × LUE f (λ)× fesc(λ)   (3.3) 
where λ is the wavelength of observed or retrieved SIF, LUEf is the light use efficiency of SIF 
(fraction of absorbed PAR photons re-emitted from canopy as SIF at λ), and fesc is the probability 
that SIF photons escape from the canopy.  
By combining the above equations, Guanter et al. (2014) show that GPP depends on a 
combination of SIF and the LUE quantities: 
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GPP ≈ SIF ⋅
LUEp
LUE f ⋅ fesc
 . (3.4) 
While these parameters are convolved, it is clear that quantifying LUEp and LUEf  are 
fundamental to understanding GPP (Frankenberg et al., 2014; Gitelson, Gritz, & Merzlyak, 2003; 
Gitelson, Peng, Arkebauer, & Suyker, 2015; Guanter et al., 2014).  
Beginning with Equation (3.3), the absorbed photosynthetically active radiation (APAR), 
the amount of light actually absorbed and used for photosynthesis, is the product of the incoming 
PAR and the fraction that is used by a plant, or  
  APAR = PAR × fPAR  . (3.5) 
 
If fesc is assumed to be 1 because the absorptance of the leaves in the NIR wavelengths is low and 
APAR plugged into Equation (3.3), SIF can be written as 
  
SIF(λ) = APAR × LUE f (λ) . (3.6) 
In addition to responding to photosynthetic status SIF, as seen in Equation (3.6), it is driven by 
the incident irradiance, or APAR. Normalizing SIF with APAR results in a calculation of SIF 
yield (SIFyield) and is an approximation of fluorescence quantum yield(Govindjee, 2004),  
 
 
SIFyield =
SIF
APAR
 , (3.7) 
can be calculated from remote sensing measurements, and is related to photosynthetic 
efficiency(Damm, Elbers, et al., 2010; Louis et al., 2005; M.  Rossini et al., 2014). If equations 
3.7 and 3.8 are combined, the result is a potential approximation for LUEf. 
 
 
SIFyield = LUE f =
SIF
APAR
  (3.8) 
Thus, by using remote sensing measurements of SIF, fPAR, and PAR, reasonable 
estimates of LUEf could be achieved. Since the yield of chlorophyll fluorescence, Fyield and 
SIFyield for fluorescence activated by actinic and natural illumination respectively, are related to 
photosynthetic efficiency (Flexas et al., 2002; Govindjee, 2004; Louis et al., 2005) and have 
been shown to be a proxy for LUE as a model parameter to estimate gross primary production 
(Damm, Elbers, et al., 2010), reliable estimation of these quantities would be a step toward a 
better link between SIF and GPP. 
While there have been numerous studies implementing actinic illumination, usually by 
filtering, there have been no studies to passively measure F and Fyield in the laboratory with 
common LED grow lights with the purpose of relating to retrievals of SIF and SIFyield from 
passive observations with the most portable of spectroradiometers (i.e. those that would be most 
likely to be employed in study areas difficult to access)(Alonso et al., 2007; Gomez-Chova et al., 
2006; Julitta, 2015; Julitta et al., 2016; M. Meroni & Colombo, 2006). Spectroradiometers that 
operate only in the visible to near infrared range tend to be smaller, more portable, and less 
expensive, but can be operationally equal to extended range systems for F and SIF 
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measurements. Therefore, more studies should evaluate these instruments for estimates of F and 
SIF. In addition, techniques should be tested to account for the heavily influential PAR and 
fPAR, in order to reliably normalize SIF by the absorbed photosynthetically active radiation 
(APAR) in varying illumination conditions.  
ASD Field spectrometers (FS) specifically have been used in various studies for FLD 
retrievals estimating SIF (Gomez-Chova et al., 2006; Julitta, 2015; Julitta et al., 2016; Louis et 
al., 2005; M. Meroni, Rossini, et al., 2009; M. Rossini et al., 2015). The ASD Handheld 2 Pro 
spectroradiometer (HH2), in contrast to the FS, is small, has a fixed fiber optic, and can be 
operated untethered from a laptop. The HH2 has identical spectral and radiometric specifications 
to the ASD FS in the 0.325-1.075µm range, but is more portable and durable than the field 
spectrometer(ASD, 2011; ASDInc., 2010, 2012; Goetz, 2012). Both the HH2 and FS have the 
ability to estimate F and SIF in radiance units rather than relative units because of the absolute 
radiometric calibration. This allows for wider comparisons across experiments, the potential for 
more direct comparisons of plant functioning across different physiologies and a greater capacity 
for scaling from leaf to plant, canopy, ecosystem or global scale than active systems, such as 
PAM fluorimeters (Magney et al., 2017; M. Meroni, Rossini, et al., 2009; Porcar-Castell et al., 
2014).  
In this study, observations from an HH2 were used to estimate fluorescence (F) and 
fluorescence yield (Fyield) of plants illuminated by a common light emitting diode (LED) in the 
laboratory and to estimate solar-induced fluorescence (SIF) and solar-induced fluorescence yield 
(SIFyield), then compare these fluorescence metrics. Note that chlorophyll fluorescence (CF) 
under actinic illumination is designated as fluorescence (F) and that activated by natural light is 
termed solar-induced fluorescence. The purpose of this research is to evaluate the methods 
presented to properly measure F and SIF and to sufficiently account for PAR and fPAR in order 
to normalize F and SIF to acheive reliable estimates of Fyield and SIFyield. The techniques 
presented are useful for future studies of relationships among F, SIF, and GPP quantities in both 
laboratory and field settings, as well as expanding scientific disciplines where passive remote 
sensing is used to determine the state of plant health at leaf, plant, and canopy scales. Since 
notation across the literature varies, a table of nomenclature was developed for this article found 
in Supplementary Material, section 3.6.1. 
3.2 Materials and Methods 
3.2.1 Spectral data collection 
An ASD Handheld 2 Pro spectroradiometer was used to make all spectral observations. 
There were two experimental setups for the HH2: laboratory dark tent under light emitting diode 
(LED) illumination and outdoors under full sunlight. Figure 10 shows the HH2 with a 
Spectralon® white reference panel in the dark tent with regular full spectrum lighting (a), with 
LED (b), with sunlight in a typical outdoor measurement (c) and in the case with accessories (d).  
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(a) (b) (c) (d) 
 
Figure 10. ASD Handheld 2 Pro Spectroradiometer a) set up in laboratory tethered mode with laptop 
and ASD Illuminator b) set up in laboratory untethered with light emitting diode MiracleLED™ c) in 
the field untethered and d) stored in Pelican™ case with all accessories. 
For the experiments, a selection of both potted plants and plants growing outdoors 
(natural plants) were used. Table 4 summarizes these plants and their characteristics. Figure 11 
shows a sample of the plants under LED along the top row with the matching plant under 
sunlight along the bottom row. For each plant target, a measurement was made with the HH2 in 
both illumination conditions (LED and sunlight) within 15 minutes of one another. In the 
laboratory under the LED, potted plants or cuttings of natural plants were placed in a 5’ x 6’ 
military surplus field dental x-ray development tent (dark tent) and their spectra recorded. The 
potted plants varied in size, structure, type, and were all cared for according to instructions at 
purchase to maintain plant health. The natural plants chosen were visibly healthy with accessible 
portions for measurement. Spectra were recorded in both illumination conditions with the HH2 
directly over the plants at a vertical distance insuring the field of view for the bare fiber optic did 
not extend past the margins of greenery and assuring inclusion of multiple leaves, needles, or 
branches. The vertical distance from the top of the plants was approximately 20 cm.  
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Figure 11. Sample of plants used in the experiment. Plants on the top row are under LED illumination. 
Bottom row are in sunlight. Plants L to R: Magnolia cuttings/natural, Pine cuttings/natural, Potted 
Variegated Lilyturf, Potted Pothos. 
 
For all observations, the HH2 bare fiber optic (25o field of view) was used for 
acquisition. The instrument was set to average 25 individual measurements for each recorded 
spectrum. A white reference measurement was taken at a maximum of ten-minute intervals to 
capture environmental changes. Before each white reference measurement, the integration time 
was optimized automatically, which yields the maximum signal-to-noise ratio. The white 
reference panel measurements were taken from a distance of approximately 20 cm to match the 
distance from the plants as closely as possible. MiracleLED™ 2.2 W and a 7 W TOMTOP™ 
E27 LED grow lights were used in the laboratory. Grow LEDs emit a limited spectrum, 
primarily in red and blue regions, making fluorescence detectable in the 0.68-0.78 µm range. 
They were placed at a slight angle to the reference panel/plant target at a vertical distance of 
approximately 25 cm and oriented to illuminate the target as fully as possible.  
3.2.2 Fluorescence estimates 
The values for F under LED illumination were taken directly from the measured 
spectrum at the wavelength corresponding to the trough of the Oxygen-A (O2A) absorption band, 
0.761 µm, from laboratory observations. The Oxygen-B (O2B) band trough is at 0.687 µm and a 
corresponding F value could be chosen for comparison to SIF values at that band. However, the 
O2B has been shown to be less reliable when utilizing one of the FieldSpec (FS) 
spectroradiometers (Analytical Spectral Devices, Boulder, CO) (Gomez-Chova et al., 2006; 
Julitta et al., 2016; M. Meroni, Rossini, et al., 2009). The FS and HH2 have identical spectral 
resolution of 3 nm full width-half max and identical sampling interval of 1 nm (ASD, 2011; 
ASDInc., 2010; M. Meroni, Rossini, et al., 2009). This prompted close examination of the O2B 
band, which corresponds to the PSII peak of the full spectrum. Due to the results presented in 
Section 3.1, the values for F at 0.687 µm were not used in the analyses.  
3.2.3 Solar-induced fluorescence estimates 
Spectra of the same potted plants or the naturally growing sources of cuttings measured 
indoors were recorded outdoors on the same date. Outdoor measurements were made first and 
every effort was made to transfer indoors as quickly as possible within 8-15 minutes of the 
outdoor measurements. Radiance based methods for retrieval of SIF are almost entirely derived 
from the Fraunhofer Line Depth (FLD) method (M. Meroni, Rossini, et al., 2009), first proposed 
by James A. Plascyk and Gabriel (1975). This method compares the radiance of a plant target 
spectrum to a reference panel placed under identical illumination conditions. By exploiting the 
FLD or “in-filling” of the Fraunhofer or Oxygen absorption bands, an estimate of SIF can be 
reached. Values from the measured spectra in this study were used to estimate SIF via the FLD 
method using the O2A and O2B bands. A measurement of the radiance inside and outside an 
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oxygen absorption band of the target plant, Lon and Loff, respectively, is compared to an 
irradiance measurement inside and outside the same band for the reference, Eon and Eoff.  
To estimate LSIF from these values, the system of equations 
 
Lon = REon + SIFon
Loff = REoff + SIFoff
  (3.9) 
   
   
are used. Ron and Roff are the reflectance coefficients in and out of the absorption band, which is 
the ratio between the energy flux reflected by a sample to the energy flux reflected by the 
reference panel for the same solid angle (Moya et al., 2004; James A Plascyk, 1975; James A. 
Plascyk & Gabriel, 1975), but, for the FLD method, Ron is equal to Roff, thus R is used in 
Equation 3.9. SIFon and SIFoff are the fluorescence in and out of the absorption band. For the 
standard FLD method, the R and SIF are assumed to be constant on the band and off the bands. 
Using this assumption, substituting and rearranging the above yields an equation for 
fluorescence: 
 
SIF = Eoff Lon − EonLoffEoff − Eon   (3.10) 
The FLD method and its derivatives require selection of the wavelengths used for λon 
and λoff within each oxygen absorption band, O2A and O2B of a spectrum. In other studies that 
employed the FLD method, the O2B λon band is 0.687 or 0.688 µm and the O2A λon band 0.760 
or 0.761 µm (M. Meroni, Rossini, et al., 2009). The λoff for each absorption region can have an 
even larger range depending on the instrument and experiment. Here, we examined the spectra of 
incoming sunlight measured with the HH2 from the white reference panel to assure the bands 
chosen for λon were in the lowest portion of the absorption band troughs and λoff was clearly on 
the shoulder of the absorption band. In addition, the shape and depth of the absorption bands 
were examined to determine which absorption band would give the best results. 
3.2.4 Fluorescence and solar-induced fluorescence yield estimates  
In order to compare values of F and SIF, the difference in input radiation to the 
photosynthetic system between the sun and LEDs need to be addressed (M. Meroni, Panigada, et 
al., 2009; Van Wittenberghe et al., 2013). To calculate Fyield or SIFyield, an estimate of the 
absorbed photosynthetically active radiation (APAR) is required for each observation according 
to Equations (3.5)-(3.7) (K.J. McCree, 1972; Van Wittenberghe et al., 2013; Y. Zhang et al., 
2014). In this study, two approaches to estimating APAR were taken and the results compared.  
The illumination available to plants in the range of wavelengths useful for plant 
photosynthesis, PAR, (approximately 0.400-0.700 µm), is well measured in the literature (Bula 
et al., 1991; Inada, 1976; K. J. McCree, 1972; K.J. McCree, 1972; Van Wittenberghe et al., 
2014; Y. Zhang et al., 2014). The irradiance supplied by the LED or sunlight in the PAR range in 
this study is available from the white reference spectrum recorded in conjunction with each plant 
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spectrum measured and is used in each of the two methods for estimating APAR.   
In the first approach, the degree to which the available energy, or PAR, is utilized by the 
plant was estimated by weighting PAR with an action spectrum, i.e. an interpolation of the 
fraction of absorbed photosynthetically active radiation (fPAR) at each wavelength achieved by 
interpolating action spectrum data from Table V and Table III, respectively, in K. J. McCree 
(1972) as outlined in Equation (3.11). The interpolated action spectrum is reproduced in Figure 
12.  
fPAR vs. Wavelength
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Figure 12. The fraction of photosynthetically active radiation values at each wavelength plotted as an 
"Action Spectrum"(K. J. McCree, 1972). The values are interpolated from data over the range of PAR, 
0.344-0.757µm. These data, this particular interpretation of the PAR range and the name "Action 
Spectrum" are derived from K. J. McCree (1972) and Inada (1976). 
If the incoming irradiance, Ei(λ) from 0.344 to 0.757 µm (Inada, 1976) in units of Wm-
2µm-1 is considered the input to the photosynthetic machinery, or PAR, and fPAR is the fraction 
of absorbed photosynthetically active radiation from Figure 12 (Inada, 1976; K. J. McCree, 
1972), then the Absorbed Photosynthetic Active Radiation using this technique (APARα) is  
 APARα = Ei (λ) fPAR(λ)dλ∫   (3.11) 
in Wm-2 . 
In the second approach, the difference in incoming and reflected spectra was tested as the 
basis for APAR, which we term APARδ. If the coverage of the plant canopy is sufficiently thick 
to not allow exposure of the soil in the background, we can assume APAR can be estimated in 
Wm-2µm-1 based on the difference in incident and reflected plant target radiance in the 
Photosynthetically Active Radiation (PAR) range of 0.400 to 0.700µm as 
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APARδ = Ei (λ)−πLPAR(λ)[ ]dλ
0.400
0.700
∫
  (3.12) 
  
where Ei(λ) is the incident irradiance and LPAR(λ) is the reflected radiance. This approach is 
based on Damm, Elbers, et al. (2010) and Li and Moreau (1996). This allows us to calculate 
normalized fluorescence, Fyield, as  
 
Fyield =
πF
APAR   (3.13) 
  
and calculate normalized solar-induced chlorophyll fluorescence, SIFyield, (Damm, Schickling, 
Schläpfer, Schaepman, & Rascher, 2010; J.L.Monteith, 1977; Monteith, 1972) using  
 SIFyield =
πSIF
APAR   (3.14) 
having units of µm -1sr-1 . Equations 3.13 and 3.14 can be applied either to APARα or APAR δ, so 
that the impact of different calculations of APAR can be compared. 
3.2.5 Estimating uncertainty 
The chlorophyll fluorescence (CF) signal is small compared to the overall reflected 
spectra from plants, whether it is observed in the lab or under sunlight. The manufacturer 
supplied the signal-to-noise ratio (SNR) for the HH2 unit used in this study (Unit#1944). These 
SNR data were supplied by the manufacturer as a spectrum of SNR values for each wavelength. 
The average of the manufacturer’s SNR spectrum for the HH2 is 6659.1, which corresponds to a 
relative error of 0.02% for measurements. The SNR for an instrument varies by the power of the 
light source. Because the focus of this study is two distinct illumination regimes and the CF 
signal from plants is small and dependent on incoming irradiance, the specific SNR for the HH2-
LED experimental setup (SNRLED) and the HH2-sunlight experimental setup (SNRSUN) were 
estimated in this study. The methods and details regarding the calculation of SNRLED and 
SNRSUN can be found in the Supplementary Material 8.2.1. The process to estimate uncertainty 
of F, Fyield, SIF, and SIFyield is outlined below. 
F for each plant is taken from the spectrum of the plant under the LED at 0.687 or 
0.761µm, thus the uncertainty is attributable to the SNR of the instrument. We calculate it for 
each plant measurement using the following equation: 
 
 
σ F =
Fλ
SNRLED
  (3.15) 
where σF is the uncertainty of F, F is fluorescence, and SNR is the signal-to-noise ratio.  
Gaussian error propagation is used to characterize the uncertainty in SIF by applying to 
Equation (3.10). First, the values needed to calculate SIF, Eoff, Eon, Loff, and Lon, values “on” and 
“off” the absorption band taken from the incoming irradiance spectrum and plant spectrum, 
respectively, are divided by SNRSUN in order to estimate the instrument uncertainty, σSIF. Then, 
  42 
by applying a Gaussian error propagation utilizing the uncertainties from the above equations 
and Eoff, Eon, Loff, and Lon, and simplifying, we get 
 
σ SIF = σ Eoff
2 EonLon
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. (3.16) 
Since an additional calculation is required for the calculations of Fyield and SIFyield, we account 
for the uncertainty propagating through the division by APAR as follows: 
 
σ Fyield = Fyield
σ F
F
⎛
⎝⎜
⎞
⎠⎟
2
+ σ APARAPAR
⎛
⎝⎜
⎞
⎠⎟
2
σ SIFyield = SIFYield
σ SIF
SIF
⎛
⎝⎜
⎞
⎠⎟
2
+ σ APARAPAR
⎛
⎝⎜
⎞
⎠⎟
2
  (3.17) 
 
3.3 Results 
3.3.1 Fluorescence 
The wavelength range 0.680-0.78 µm of the F range is relatively unpolluted by the 2.2 W 
LED used in this experiment (see Chapter 2), but 0.680-0.720 µm in the PSII range and near the 
O2B band, contains some emission from the 7 W LED. Under the 2.2 W LED, (Figure 13, left 
panel) both the PSI and PSII peaks are exposed for ivy and fern, showing the full spectrum of F. 
The emission of lilyturf in the PSII region is low and indistinguishable from the noise, but 
emission in the PSI peak is distinguishable. The ivy, lilyturf, fern and white reference spectra 
under the 7 W LED illumination are shown in the right panel of Figure 13 and all three plants 
have clear emission peaks in the PSI range, where the O2A band is marked. However, the PSII 
region and corresponding O2B band are polluted by the incoming illumination. The pollution of 
the PSII region, which contains the O2B band, along with the results of previous studies with 
instruments of similar spectral resolution (Flexas et al., 2002; Gomez-Chova et al., 2006; Julitta 
et al., 2016), justifies limiting our analyses to the O2A band (F at 0.761 µm) for this study. 
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Figure 13.  Plot of white reference (incoming irradiance (Ei)) spectra of LEDs and a sample of plant 
spectra under LED illumination in the fluorescence range (0.680-0.780 µm). The Oxygen-A (O2A, 0.761 
µm) and Oxygen-B (O2B, 0.687 µm) bands are marked. Not marked are the peaks associated with PSI 
(near O2A band) and PSII (near O2B band).  Left: Plants and white reference under the 2.2W LED. 
Right: Plants and white reference under the 7 W LED. 
3.3.2 Solar-induced fluorescence 
Unlike the laboratory measurements, SIF was retrieved from within the narrow atmospheric windows 
where sunlight is absorbed by atmospheric oxygen. A plot of the reference panel spectrum and three 
vegetation target spectra with the O2A and O2B bands marked are shown in  
Figure 14, and Figure 15 shows the O2A band more closely.  The narrower O2B band is 
relatively shallow, indicating the HH2 resolves the wider O2A band more clearly, as mentioned 
previously. This result provides additional justification to focus on the O2A band (0.761 µm) as 
estimates of F and SIF for testing our methods. 
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Figure 14. Spectrum of sample plants and white reference measured with ASD HH2 in sunlight. The 
O2A and O2B bands are marked.  
Figure 15 shows the O2A region, where the FLD retrieval method relates the incoming 
irradiance to the plant target radiance both within the oxygen absorption band and on the 
shoulder of this spectral feature, of a white reference measurement and plant targets with the λoff 
-λon marked for the FLD method. Also illustrated in Figure 15, 0.756 µm was chosen as λoff due 
to its position on the shoulder and 0.761 µm was chosen as the λon band based on its position in 
the trough. The assumptions made when using the FLD method include assuming a constant 
reflectance across the shoulders of the band and neglecting variations in fluorescence. This 
introduces some error because these two quantities vary across the SIF region.  
 
Figure 15. Plot of radiance vs. wavelength near absorption bands with the radiances and wavelengths 
indicated for FLD method to estimate SIF. 
3.3.3 Calculating APAR  
As outlined in section 3.2.4, APARα and APARδ were calculated for each plant and the 
estimates of APAR calculated with the two methods and compared. Separate plots of APARα vs. 
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APARδ under LED and under sun for each observation are shown in Figure 16. As seen in the 
top panel of Figure 16, the LED based observations show that the values fall just below the 1:1 
line and are in good agreement of one another (r=0.99). Average APARδ values were about 12% 
larger than APARα. The relationship between APARα and APARδ for solar insolation 
observations falls just below the 1:1 line similar to the LED illuminated measurements and the 
APARδ method resulted in the average of the values about 22% larger than the APARα method 
under the sun. However, APAR values under the LED maintain a relationship closer to 1:1 than 
do those in sunlight. In both lighting conditions, LED and sun, the effects of using constant 
fPAR and one white reference measurement for a set of plant observations to calculate APARα 
result in groups of plant targets having the same value for APARα. In contrast, the APARδ values 
vary, even where the same white reference measurement was used for a set of plant targets.  
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Figure 16. Plot of APARα vs APARδ calculated for all plant targets in the study. Top panel: Plant 
measurements under solar illumination. Bottom panel: measurements under LED.’n’: Number of data 
points. ‘r’: Correlation coefficient. ‘b’: bias, ‘m’ : slope of the linear regression line. 
In Figure 17 we plot F (top panel) and SIF (bottom panel) against APARα (red triangles) 
and APARδ (blue dots). We see the expected correlation between F (or SIF) and APAR due to 
the fact that these quantities are heavily influenced by incoming irradiance. Figure 17 shows 
there is a weak correlation between F and APAR as well as SIF and APAR, using both the 
APARα and APARδ methods. In both panels of Figure 17, The APARα values, indicated by red 
triangles, are grouped together due to the use of one white reference measurement used for a set 
of plant targets and the assumption that fPAR is constant. In contrast, APARδ  (blue circles) 
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values vary along the APAR axis despite also utilizing the same white reference measurements 
for sets of plant target, confirming our expectation that fPAR, in fact, varies for different plants. 
Utilizing this result, we concluded that APARδ would be used in subsequent portions of the study 
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Figure 17. Fluorescence and solar induced fluorescence for plants in the study. APARδ values are 
represented by blue circles and APARα represented by red triangles. Top: F for all plants in the study 
versus APAR estimates from both techniques. Bottom: SIF for all plant targets in the study versus 
APAR for both techniques used.  
3.3.4 Calculating Fyield and SIFyield 
The resulting estimates of Fyield are plotted against APARδ are shown in Figure 18 (top). 
When compared to the correlation between F and APARδ shown in Figure 17 (top), the 
relationship disappears entirely for Fyield and APARδ  (Figure 18, top panel). Similarly, the values 
obtained for SIFyield are plotted against APARδ in Figure 18 (bottom). Although the correlation 
between SIF and APARδ (Figure 17, bottom panel) was weaker than for F, the relationship that 
did exist was removed by the normalization calculation. In fact, if it were not for the effect of a 
suspected outlier, the small relationship appearing in Figure 18 would have disappeared entirely. 
Since we were utilizing a relatively small dataset (n=54) to test these methods, it was decided not 
to exclude this suspected outlier at this time. 
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Figure 18. Fluorescence yield (Fyield) and solar induced fluorescence yield (SIFyield) values versus 
absorbed photosynthetically active radiation. Both methods of estimating APAR, APARδ and APARα, 
blue and red respectively, are included. Top: Fyield versus APAR. Bottom: SIFyield versus APAR. 
Details of the experiments to calculate spectral SNR under the LED and sun for this study 
are included in the Supplementary Material, section 8.2.1. The resulting SNRLED value utilized 
for this experiment is 18.6, which corresponds to a relative error of 5.4% for measurements of F. 
This value differs from the manufacturer’s SNR of 6659.1 (0.02% relative error) due to the 
difference in the illumination in the two conditions. The SNRLED value was utilized in Equation 
(3.15) to get the uncertainty of estimates of F. The variation in the data observed from these 
experiments is much larger than the instrument error. This suggests that variations in 
illumination or other environmental variables are the main source of error at least when 
compared to instrumental error. The calculated SNRSUN of the instrument is 158.9, which is a 
relative error of 0.63% for 600 observations made in sunlight using the HH2. The average solar 
spectral SNR plot is shown in Figure 55 in Supplementary Material section 8.2.1. When 
compared to the manufacturer’s estimate of SNR for the HH2 of 6659.1 (0.02% relative error), 
the relative error is higher under sunlight than for the manufacturer’s reported value.  
Employing the uncertainty associated with each fluorescence metric, the averages and the 
propagated uncertainties of F, SIF, Fyield, and SIFyield were calculated. Average values for F 
and SIF for all plants in the experiment are shown in the top row Table 2. F and SIF are different 
by a factor of approximately 24, clearly outside the margin of error of one another. The bottom 
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row of Table 2 contains the normalized fluorescence estimates, Fyield and SIFyield, which are 
within the margin of error of one another. The values we obtained with these methods for all of 
the CF metrics calculated are comparable to the literature (e.g. (Cogliati, Rossini, et al., 2015; 
Guanter et al., 2013; M. Meroni, Rossini, et al., 2009; Rascher, 2009; M.  Rossini et al., 2014; M. 
Rossini et al., 2016)).  
Table 2. Average fluorescence, fluorescence yield, solar-induced fluorescence, and solar-induced 
fluorescence yield for plant target measurements.  
 F 
n=54 
SIF 
n=54 
Including APAR 
(Wm-2µm-1sr-1) 
0.110±0.006 
 
2.60±1.87 
 
Yield 
(no units) 
0.022±0.001 
 
0.030±0.020 
 
The estimates of uncertainty shown in Table 2 are a result of the methods outlined in 
Section 2.5. These uncertainties result in relative error of 5.5% for F values and slightly better at 
4.5% for Fyield values. While these relative errors are larger than the relative error of 
approximately 0.05% reported by the manufacturer, we accounted for the SNR of the instrument, 
variations in incoming radiation, and other noise sources uniquely through the SNR experiments. 
The relative error of SIF and SIFyield were 72% and 67%, respectively. It was expected that these 
relative errors would be larger due to the calculated SNR for the HH2 in sun, also a non-
calibrated light source, being propagated through the FLD retrieval. 
3.4 Discussion 
Employing LED grow lights in the dark tent allow exposure of a portion of F over the 
majority of the chlorophyll fluorescence (CF) range distinguishable from the noise. The 2.2 W 
LED contributed less pollution to this range than the 7 W LED in the 0.680-0.720 µm range, 
which corresponds to the PSII portion of CF. This and the relatively shallow trough of the 
corresponding atmospheric O2B band in this region led us to focus on the portion of the CF 
spectrum around the O2A band, or the PSI peak. Furthermore, only one wavelength in the PSI 
region, 0.761 µm, was selected for examination in this study. Thus, further studies utilizing or 
examining the information that might be contained in the full spectrum are needed.  
Results of SIF retrievals from the HH2 showed reliable estimates of this metric can be 
obtained from a variety of plants utilizing the FLD method. We show that SIF values comparable 
to the literature (e.g. (M. Meroni, Rossini, et al., 2009; M.  Rossini et al., 2014)) can be obtained 
with the HH2, even when uncertainty estimates are maximized. While spectrometers with higher 
resolution and smaller sampling interval improve SNR, we show evidence that a more precise 
instrument may not improve F or SIF estimates due to assumptions in the FLD method as well as 
absorption band characteristics. However, the degree to which the FLD or improved versions of 
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the FLD method, perform will allow for sufficient estimates of SIF to attack the links between 
SIF and GPP going forward, provided isolation and control for various sources of environmental 
variability is further tested.  
Two methods of estimating the absorbed photosynthetically active radiation (APAR) 
from spectral measurements, APARα and APARδ were tested. The APARδ technique to calculate 
Fyield and SIFyield was selected because this accounted for unique fPAR for plant targets, while the 
APARα method does not. The APARδ method does, however, neglect the small contribution of 
CF photons to the PAR region approximately 0.680-0.700µm. Future studies using this technique 
may address this issue by estimating the contribution or determining the uncertainty that 
neglecting CF photons introduces. While the APARδ method accounts more uniquely for the use 
of incoming radiation by plants than the APARα method, the APARδ method may not fully 
account for irradiance lost to the background or reflected radiance amounts that do not reach the 
sensor. This lost energy is included in the APARδ value, yet are not really absorbed by the plant. 
These two sources of uncertainty in APARδ may or may not be accounted for in the APARα 
method. Despite the choice in the study to focus on APARα, both methods of estimating APAR 
remain interesting and further study of their differences and the factors affecting the values is 
warranted. 
Average Fyield and SIFyield for this set of plant targets using these techniques were within 
the margin of error of one another and are comparable to the literature (e.g. (Rascher, 2009; M. 
Rossini et al., 2016; Yves Goulas  & Abderrahmane Ounis 2017). The comparability of Fyield and 
SIFyield estimates in this study points to the usefulness of the observations made with the HH2 to 
estimate fluorescence metrics and APAR. While a direct correlation between estimates of F and 
SIF or between Fyield and SIFyield for each individual plant could not be established under the 
conditions of these experiments due to lacking controls on environmental factors, the ability to 
account for incoming irradiance between the two extreme illumination conditions is very 
promising. With more rigorous controls on environmental conditions and a measurement 
protocol that could cut down the time between observations, there is the potential to use these 
two experimental setups in tandem to search for more quantitative links between full spectrum F 
and retrievals of SIF derived from passive measurements. These links could then be exploited for 
upscaling to multi-plant, canopy, or regional scales. A wide variety of plant targets utilized also 
contributed to less clarity in the results. A dataset with a focused set of plant targets designed to 
carefully compare plant functional types, for instance, would potentially reveal patterns relevant 
to separating LUE quantities for species of plants. Also to test the techniques presented 
collecting data over a more continuous range of APAR either in the laboratory, in the field, or 
both, could potentially reveal more detailed relationships regarding F, SIF, LUE and GPP. 
Evidence from this study shows the APARδ method better captures the variation in 
APAR than when fPAR is treated as a constant as in the APARα method. What cannot be 
separated in the APARδ method is the potential loss of incoming irradiance to the background of 
the plant and reflected radiance from the plant that misses the detector. There is an assumption 
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that we capture all incoming irradiance, Ei, and the plants absorb a portion and reflect the 
remainder to the detector. It is reasonable to say that there is radiation that would escape to the 
background and radiance escaping past the detector to the atmosphere would have an 
underestimated LPAR and overestimated APARδ. However, the magnitude of this radiation not 
captured in the measurement is likely small compared to the magnitude of the measured 
radiation, thus would have a minimal effect. 
The results of the APAR experiments (Figure 18, top panel) show clustering indicative of 
the difference in power between the two LEDs along the x-axis and much lower F values for the 
lower Power LED, which illustrates that the power of the illumination, and thus APAR value, 
strongly influences F values. Figure 17 (bottom) shows SIF and APAR are also positively 
correlated, indicating that SIF is driven higher when APAR increases. These results would be 
consistent with a plant increasing fluorescence if the incoming radiation increases. These results 
again support the expectation that APAR is heavily influential on F and SIF, as expected from 
the literature, but additionally support the techniques’ estimates of F and SIF are sufficient 
capture this relationship. Although the correlation is weaker for SIF than F when plotted against 
APARδ, both correlations are important in this study to provide a basis for showing these 
methods account for the influence of APAR on F and SIF when calculating Fyield and SIFyield. Of 
further significance in Figure 17 is the difference in the range of F and SIF values which are 
around one order of magnitude, again demonstrating the heavy influence of APAR on F and SIF. 
The higher relative error of the measured SNR versus the manufacturer’s reported SNR 
can be attributed to several factors. This is likely due largely to the difference in illumination 
sources between the calibrated source used by ASD and sunlight. While every effort was made to 
control the environment during the SNR experiments, the data collected were affected by 
variations in detected illumination from the sun and atmosphere. Additionally, the difference in 
the power of the sources affects the outcome. It was anticipated that the relative error would be 
greater in the case of the solar experiment due to conditions being less controlled. Because our 
study involves a comparison of extreme lighting conditions in experiments that differ from 
calibration conditions, these results support the need for this independent assessment of SNR as 
well as the propagation of uncertainty through the next steps of the study. 
The difference in F and SIF was expected due to the vastly different lighting 
environments constructed for the study. There was an expectation to sufficiently account for the 
influence of incoming irradiance and APAR when calculating Fyield and SIFyield such that 
comparable values Fyield and SIFyield could be generated.  By normalizing F and SIF with a 
reasonable estimate of actual APAR for each target, average Fyield and average SIFyield were 
determined to be within the margin of error. This is consistent with the hypothesis that the plant 
fluorescence yield is linearly related to APAR.  It further demonstrates the suitability the 
methods of estimating the fluorescence metrics and accounting for APAR to a degree that can be 
utilized in future studies of the response of plants to stress or comparisons of photosynthetic 
differences due to physiological characteristics, for instance.  
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3.5 Conclusions 
This study describes the use of a passive spectroradiometer to estimate F and SIF and 
account for APAR in radiance units and to sufficiently estimate Fyield and SIFyield. We provide a 
basis for subsequent studies using both laboratory and outdoor experimental setups in 
conjunction or separately to further explore fluorescence, photosynthesis, LUE, GPP, and other 
quantities. In particular, we show that fluorescence yield can be estimated from concurrent 
APAR and plant spectral measurements even under extreme lighting conditions. Currently, there 
are gaps in understanding and scaling photosynthetic processes that active measurements cannot 
address. It is in this context that passive spectroscopy can play a role. Additionally, the 
relationships of interest among fluorescence metrics, photosynthesis, and GPP remain poorly 
explained, but desirable to examine regional photosynthetic activity between plant communities. 
Employing methods utilizing passive observations of F and SIF to explore their specific 
relationships to gross primary production parameters and underlying photosynthetic processes in 
future studies would open up opportunities to upscale and compare measurements from different 
experiments.  
Employing LEDs in the laboratory provide a low-cost opportunity to examine plant-scale 
responses of fluorescence by lower-cost, passive means, thus a basis for exploring quantities of 
interest in botany, ecology, agriculture, and remote sensing. Additionally, time series analyses of 
F, Fyield, SIF, SIFyield would potentially reveal the response of plants to environmental changes or 
stresses. Additionally, further investigations into improving upon these results are suggested. For 
instance, enhanced versions of the FLD method, spectral fitting methods, or other approaches 
may improve the SIF retrievals (Cogliati, Verhoef, et al., 2015; Julitta, 2015; Kumar, Keerthi, 
Manjunath, van der Werff, & van der Meer, 2010; Liangyun Liu, 2016; Liu & Liu, 2015; Luis 
Alonso, 2008; Mazzoni, Meroni, Fortunato, Colombo, & Verhoef, 2012; Michele Meroni et al., 
2010; M. Meroni, Rossini, et al., 2009) by reducing relative error.  
The normalizing method applied to SIF at these scales is a potential next step to relating 
SIF and gross primary production, possibly by disentangling light use efficiency of 
photosynthesis and fluorescence or getting at the structure-related escape probability of 
fluorescence photons for increasingly complex vegetation (Damm, Elbers, et al., 2010; Guanter 
et al., 2014; Wood et al., 2017; Zarco-Tejada, Suarez, & Gonzalez-Dugo, 2013). Quantities such 
as LUE and escape probability are often assumed to be constants in current modeling studies and 
are found to be too complex to address in the field without further study. Most studies have 
required additional measurements from additional instruments mounted on flux towers or other 
platforms to compare fluorescence metrics and explore relationships to APAR and 
environmental conditions (Damm, Elbers, et al., 2010; Jenkins et al., 2007; Pradeep Wagle, 
2015; Yang et al., 2015; Q. Zhang et al., 2015). By contrast, these methods may prove 
translatable to areas where flux towers and other instrumentation are not available, thus 
increasing the spatial extent over which we can search for relationships among SIF, SIFyield and 
GPP parameters, such as LUE, as well as continue progress toward a better understanding of the 
SIF-GPP relationship. Further application of this method in experimental, modeling, and remote 
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sensing studies could lead to improved estimates for different plant functional groups, i.e. 
different photosynthetic pathways, as well as a determination of relative differences in 
photosynthetic activity by land-cover type. The techniques presented here can be utilized as a 
basis for new protocols in field studies in remote locations. SIF estimates made with an 
untethered passive instrument give researchers the opportunity to add many CF datasets from an 
increased number of study areas to the current body of values available. 
3.6 Supplementary Material 
3.6.1 Nomenclature and plant targets 
A table of nomenclature used in this study is presented in tableTable 3. A table of 
nomenclature for the study. Table 4 contains details regarding the plants used in this study. 
Table 3. A table of nomenclature for the study. 
Nomenclature 
APAR Absorbed Photosynthetically Active Radiation 
APARα Absorbed Photosynthetically Active Radiation using fPAR estimate from literature 
APARδ 
Absorbed Photosynthetically Active Radiation using difference between incoming/reflected 
spectra 
E Spectral Irradiance [Wm-2µm-1] 
Ei Incoming spectral Irradiance [Wm-2µm-1] 
Eoff Spectral Irradiance off oxygen band; at shoulder [Wm-2µm-1] 
Eon Spectral Irradiance on oxygen band; at the trough [Wm-2µm-1] 
F Fluorescence under illumination other than sun; F under LED [Wm-2µm-1 sr-1] 
FLD Fraunhofer Line Depth Method 
fPAR Fraction Absorbed Photosynthetically Active Radiation 
FWHM Full Width-Half Maximum 
Fyield Fluorescence Yield; Fluorescence Quantum Yield [no units] 
GPP Gross Primary Production 
HH2 ASD Handheld 2 Pro Spectroradiometer 
L Spectral Radiance [Wm-2µm-1 sr-1] 
LED Light Emitting Diode 
Loff Spectral Radiance off oxygen band; at shoulder [Wm-2µm-1 sr-1] 
Lon Spectral Radiance on oxygen band; at the trough [Wm-2µm-1 sr-1] 
LPAR Reflected Radiance from plant 0.400-0.700µm range [Wm-2µm-1 sr-1] 
LUE Light Use Efficiency 
O2A Oxygen-A band; Center at 761nm in this study 
O2B Oxygen-B band; Center at 687nm in this study 
PAM Pulse Amplitude Modulation fluorimetry 
PAR Photosynthetically Active Radiation 
PSI Photosystem I 
PSII Photosystem II 
R Reflectance [no units] 
SIF Solar-induced Fluorescence [Wm-2µm-1 sr-1] 
SIFoff Solar-induced Fluorescence off oxygen band; at shoulder [Wm-2µm-1 sr-1] 
SIFon Solar-induced Fluorescence on oxygen band; at the trough [Wm-2µm-1 sr-1] 
SIFyield Solar-induced Fluorescence Yield [no units] 
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SNR Signal-to-Noise Ratio 
SNRLED Signal-to-Noise Ratio calculated for LED 
SNRsun Signal-to-Noise Ratio calculated for sunlight 
λ Wavelength of Radiation [µm] 
σ Standard Deviation 
 
Table 4. Plants used in the study and brief characteristics. 
Plant Type Size Sample Location/Type Density 
GRASS Natural clipped lawn dense 
KENTUCKY COFFEE TREE Natural small fragment medium 
AMERICAN CHESTNUT Natural medium fragment medium 
SUGAR MAPLE Natural medium fragment medium 
CEDAR Natural medium secondary growth medium 
CLOVER Natural tall trail edge medium 
FESCUE Natural tall trail edge dense 
PAMPAS GRASS Natural medium landscaping dense 
SPRUCE Natural small landscaping healthy 
IVY Natural dense landscaping healthy 
MAPLE Natural large landscaping healthy 
DOGWOOD Natural large landscaping healthy 
EVERGREEN Natural short landscaping dense 
HOLLY Natural large landscaping dense 
PINE Natural large landscaping medium 
VARIEGATED LILY TURF Natural small landscaping dense 
MAGNOLIA Natural large landscaping dense 
PEPPER Potted small houseplant sparse 
TOMATO Potted small houseplant sparse 
SPRUCE Potted small houseplant sparse 
PINE Potted small houseplant sparse 
HEN & CHICKEN Potted small houseplant dense 
IVY-1 Potted small houseplant sparse 
GREEN LILY TURF Potted small houseplant medium 
SMALL FERN Potted small houseplant sparse 
ANTHURIUM Potted small houseplant sparse 
RED AGLAONEMA Potted large houseplant dense 
FOUNTAINGRASS Potted medium houseplant medium 
IVY Potted small houseplants sparse 
VARIEGATED LILY TURF Potted medium houseplant dense 
SWEDISH IVY Potted small houseplant medium 
AEONIUM Potted small houseplant dense 
POTHOS Potted medium houseplant dense 
LARGE FERN Potted medium houseplant medium 
JANET CRAIG Potted large houseplant dense 
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MOTHER IN LAWS TONGUE Potted large houseplant dense 
SPIDER Potted medium houseplant dense 
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4 MULTISCALE SOLAR-INDUCED FLUORESCENCE OF A TEMPERATE 
DECIDUOUS FOREST DURING SEASON CHANGE
4.1 Introduction 
Plants absorb sunlight in the photosynthetically active range (400-700nm). These 
absorbed photons undergo light reactions in plants and result in photosynthesis, solar-induced 
chlorophyll fluorescence (SIF), or dissipated heat. This give and take among these processes 
assures that photosynthesis occurs efficiently and reacts to environmental changes, thus any 
change in one of these in response to the environment results in a corresponding change in the 
others within seconds to minutes. SIF is composed of the portion of the photons absorbed by the 
plant, but not contributing to photosynthesis or dissipated heat. Instead SIF photons are 
converted into longer wavelength photons and emitted in the red and far-red range, 
approximately 650-850 nm (Govindjee, 2004). Fortunately for remote sensing applications, 
plants emit SIF in a wavelength region of the electromagnetic spectrum where incoming sunlight 
travelling through the atmosphere is absorbed and within gaps in the solar spectrum called 
Fraunhofer lines. Although the photons making up the SIF signal comprise only a small part of 
the total signal measured from plants by passive remote sensing instruments, technology has now 
made it feasible to disentangle SIF from the other radiation from leaf to satellite scale. 
In recent studies, there have been strong empirical links made between SIF and gross 
primary production (GPP) in diverse ecosystems utilizing various measurement platforms at 
different spatial and temporal scales (Cui, Sun, & Qiao, 2017; A. Damm et al., 2015; C. 
Frankenberg et al., 2011; Guanter et al., 2014; Verma et al., 2017; Wagle, Zhang, Jin, & Xiao, 
2016; Wood et al., 2017; Y. Sun, D. T. Drewry, & P. Köhler, 2017). Constraining the Earth’s 
carbon budget and understanding feedbacks under climate change depend on addressing 
remaining uncertainties of GPP), the largest flux component of the carbon budget, thus these 
links between SIF and GPP have the potential to close critical gaps in our knowledge of 
terrestrial carbon fluxes of vegetation. The empirical relationships have also inspired more 
complex work on the SIF-GPP relationship. A few studies have tested the underlying 
relationship of SIF and GPP in order to expose more about photosynthetic capacity or 
photosynthetic rates beyond the empirical link, but have yielded mixed results, leaving deeper 
interpretation of SIF data for future studies (Guan et al., 2016; Guanter et al., 2014; Miao et al., 
2018; Migliavacca et al., 2017; Y. Zhang et al., 2014).  
Measuring SIF reliably is only one component to understanding photosynthetic 
functioning from remote sensing observations. To interpret measurements of SIF, an accurate 
accounting of incoming photosynthetically active radiation (PAR), absorbed photosynthetically 
active radiation (APAR), and the fraction of absorbed photosynthetically active radiation (fPAR) 
are needed (Grace et al., 2007; Hilker, Coops, Wulder, Black, & Guy, 2008; J.L.Monteith, 1977).  
APAR has been found to be the largest driver of SIF e.g. (Cogliati et al., 2015; Micol Rossini et 
al., 2010; M. Rossini et al., 2015; Yang et al., 2015). The relationship among APAR, fPAR, and 
PAR is 
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  APAR = fPARxPAR . (4.1) 
As outlined by Guanter et al. (2014), using remote sensing observations of SIF and APAR the 
light use efficiency model (J.L.Monteith, 1977; Monteith, 1972) can be applied to relate SIF and 
GPP. The Monteith equation can be written for these purposes as 
 
  
GPP = APAR ⋅ LUEp  , (4.2) 
and SIF can be written in a similar way as  
  
SIF = APAR ⋅ LUE f ⋅ fesc  , (4.3) 
where LUEp is the LUE of photosynthesis, LUEf is the LUE of fluorescence, and fesc is the 
fraction of SIF photons escaping the canopy (C. Frankenberg et al., 2011; C. Frankenberg et al., 
2014; C. Frankenberg, O'Dell, Guanter, & McDuffie, 2012; Guanter et al., 2014; Jeong et al., 
2017; Joiner et al., 2013; Köhler, Guanter, & Frankenberg, 2015; Luus et al., 2017; Porcar-
Castell et al., 2014; Sun et al., 2018; Sun et al., 2017; Verma et al., 2017; Wood et al., 2017; Xu 
et al., 2015). LUEp is the efficiency of the use of APAR in photosynthesis. LUEf is the fraction 
of PAR photons absorbed that are re-emitted as SIF (wavelength dependent). Equation (4.2) and 
Equation (4.3) can be combined in order to highlight the light dependency of GPP as follows: 
 
 
GPP ≈ SIF ⋅
LUEp
LUE f ⋅ fesc
  (4.4) 
In current remote sensing studies, fesc is generally not addressed or assumed to be 1 
because there is low absorptance of leaves in the near-infrared region of SIF and the canopy 
structure of crops or grasses most closely studied is relatively simple (Guanter et al., 2014). 
However, fesc will certainly be of interest in the future as quantities are further disentangled. 
LUEp and LUEf  have been shown to covary at satellite-level, so SIF is capable of supplying light 
absorption and photosynthetic light use efficiency information (A. Damm, Elbers, et al., 2010; A. 
Damm, Schickling, Schläpfer, Schaepman, & Rascher, 2010; Flexas et al., 2002; Rascher, 2009; 
P. J. Zarco-Tejada, Catalina, González, & Martín, 2013; P. J. Zarco-Tejada, Morales, Testi, & 
Villalobos, 2013). This relationship provides the basis for current studies exploring the empirical 
SIF-GPP links using remote sensing data. 
 Equation (4.4) provides a relationship that determines relative SIF-GPP for 
vegetation that includes fluctuations attributed to incoming solar radiation conditions needed in 
many applications. In order to improve our mechanistic understanding of remotely sensed SIF 
for different vegetation types or across differing scales, a more absolute metric is needed. 
Normalizing SIF with APAR would allow comparisons of vegetation physiological responses to 
stress or across time and space to analyze vegetation functioning(Guanter et al., 2014; Tubuxin, 
Rahimzadeh-Bajgiran, Ginnan, Hosoi, & Omasa, 2015; Van Wittenberghe et al., 2013; Wood et 
al., 2017; Yves Goulas  & Abderrahmane Ounis 2017). SIF normalized with APAR is called SIF 
yield (SIFy) and can be written as  
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SIFy =
SIF
APAR
 . (4.5) 
It can be seen then, that SIFy is related to LUEf by Equation (4.3). The nomenclature SIFy 
is derived from leaf-level studies of vegetation chlorophyll fluorescence. Current remote sensing 
studies use the term normalized and yield interchangeably, even when referring to different 
methods of estimating a normalized SIF or SIF yield. In this study SIFy will be used as the 
general term for normalizing SIF and subscripts referring to the type of normalization calculation 
will be applied to differentiate them. SIFy is critical in further developing comparisons of 
photosynthetic functioning among plants, vegetation types and ecosystems, and defining the SIF-
GPP relationship. The SIF-GPP relationship is influenced by variations in APAR and the LUE 
terms (Miao et al., 2018). LUE cannot be directly measured, but SIF and APAR can be measured 
and SIFy calculated from the measurements, and LUE inferred. LUE has long been recognized as 
an important quantity in modeling vegetation functioning, but difficulties in accurately 
estimating LUE have led to the assignment of constant values for each plant functional groups in 
models or the use of other proxies for large scale functioning estimates, such as reflectance-
based vegetation indices (VIs)(Gitelson, Peng, Arkebauer, & Suyker, 2015; Migliavacca et al., 
2017; Y. Zhang et al., 2014).  
VIs, such as the normalized difference vegetation index (NDVI), are currently used to 
examine or model GPP, large-scale vegetation health, and seasonality, but suffer from 
contamination by the atmosphere and canopy and only capture changes in greenness, reflected 
light from chlorophyll, or structure, leaf shape and orientation changes (Guanter et al., 2013; 
Meroni, Panigada, et al., 2009; M. Meroni et al., 2008; Meroni, Rossini, et al., 2009; M.  Rossini 
et al., 2014; Wood et al., 2017; P. J. Zarco-Tejada, Morales, et al., 2013). In conditions where 
greenness does not diminish significantly, such as early stages of drought stress or in evergreen 
forest stands, little change is recorded. Additionally, NDVI rely directly on the greenness level to 
mark seasonality of deciduous forest, potentially leading to incorrect interpretations of changes 
in forest functioning or estimates of the timing of season change (J.A. Gamon et al., 1995; J. A. 
Gamon, Penuelas, J., FIeld, C.B., 1992; A. Huete et al., 2002; Pettorelli et al., 2005). The 
photochemical reflectance index (PRI) is another reflectance-based index that is based on the 
xanthophyll cycle on time scales of daily to days and on chlorophyll/carotenoid ratios on 
seasonal timescales. PRI responds to a decline in chlorophyll concentrations and increase in 
carotenoids in the winter. PRI exploits a change in absorptance of leaves at 505-515 nm or 
reflectance at 531 nm that is detectible due to the interconversion of the xanthophyll pigments 
(Alonso, Moreno, Moya, & R. Miller, 2003; J. A. Gamon, Serrano, L., Surfus, J.S., 1997; 
Gitelson, Gritz, & Merzlyak, 2003; M. Meroni et al., 2008; M.  Meroni et al., 2008). PRI has 
been shown to detect the pigment responses to environmental conditions, especially changing 
temperature and photoperiod, that NDVI can miss (J. A. Gamon, Penuelas, J., FIeld, C.B., 1992; 
J. A. Gamon, Serrano, L., Surfus, J.S., 1997; M. Meroni et al., 2008; Springer, Wang, & Gamon, 
2017; Suárez et al., 2008). A variety of reflectance-based indices estimating chlorophyll content 
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(Chl) exploit the reflectance around 700 nm because it has been proven to be sensitive to 
chlorophyll content of leaves. The number of specific wavelengths and equations used for 
estimation of chlorophyll content is high due to the differences in response of plant species under 
various environments and often depend on the purpose of the research being performed. All 
chlorophyll content indices are based on the spectral wavelengths that are selectively absorbed 
and reflected by leaf chlorophyll. Studies have shown that Chl is potential indicator of GPP and 
plant functioning, but like other reflectance-based indices, suffers from saturation, atmospheric 
effects, and complications when applied to heterogeneous canopies (Daniel A. Sims, 2002; J.A. 
Gamon et al., 1995; Gitelson et al., 2003; Gitelson, Peng, Arkebauer, & Schepers, 2014; Gitelson 
et al., 2015; Gitelson et al., 2006; Schlemmer et al., 2013; Viña, Gitelson, Nguy-Robertson, & 
Peng, 2011). Equations (4.1) and (4.2) can be written in terms of the VIs typically used in 
modeling as 
  Chl = (NDVI ⋅ PAR) ⋅ PRI  . (4.6) 
This represents the LUE model with the reflectance-based indices most often utilized as model 
inputs to estimate quantities GPP, fPAR, and a general LUE term (Daniel A. Sims, 2002; J.A. 
Gamon et al., 1995; J. A. Gamon, Kovalchuck, Wong, Harris, & Garrity, 2015; J. A. Gamon, 
Penuelas, J., FIeld, C.B., 1992; J. A. Gamon, Serrano, L., Surfus, J.S., 1997; Gitelson et al., 
2014; Gitelson et al., 2015; Gitelson et al., 2006; Malenovsky, Mishra, Zemek, Rascher, & 
Nedbal, 2009; M. Meroni et al., 2008; M.  Meroni et al., 2008; Porcar-Castell et al., 2014; 
Springer et al., 2017; P. J. Zarco-Tejada, González-Dugo, et al., 2013; Zhang, Filella, Garbulsky, 
& Peñuelas, 2016; Q. Zhang et al., 2014). 
In contrast to limitations suffered by reflectance based VIs, solar-induced fluorescence 
(SIF) is a direct result of the photosynthetic machinery of a plant (Govindjee, 2004). Thus SIF 
allows us to not only mark the capacity of a plant to perform photosynthesis the way other VIs 
do, it allows us to track how much of that capacity is utilized at the time of the observation (M. 
Rossini et al., 2015). SIF has been linked to diurnal changes in photosynthesis and vegetation 
functioning, has more accurately identified seasonal shifts in deciduous forests, has been shown 
to respond to ozone and water stress, and has great potential for monitoring and mapping 
photosynthetic activity at plant, canopy, regional, and global scales from remote sensing 
platforms (Braun et al., 2017; A. Damm, Schickling, et al., 2010; Dobrowski, Pushnik, 
Zarcotejada, & Ustin, 2005; Guanter et al., 2014; Meroni, Rossini, et al., 2009; P. J. Zarco-
Tejada, González-Dugo, & Berni, 2012; P.J. Zarco-Tejada, Pushnik, Dobrowski, & Ustin, 2003). 
Therefore, a series of measurements of SIF and VIs at canopy and satellite levels during 
senescence in a deciduous forest could determine how SIF, Chl and GPP are related, determine if 
SIF or VI quantities would make better model parameters, and reveal additional information 
regarding the photosynthetic response of the canopy. Specifically, a study closely examining the 
relationships among SIF≈Chl≈GPP, SIFy≈PRI≈LUE, and APAR≈NDVI≈fPAR would be a step 
toward utilization of SIF to monitor vegetation photosynthesis and better constrain carbon fluxes 
of temperate deciduous forests.  
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In this study, a series of field-based and satellite-based measurements of SIF and VIs was 
collected in a temperate deciduous forest canopy to answer the following questions: (1) Do the 
formulations of SIFy at field and satellite levels relate to PRI and LUE? (2) How do field-based 
and satellite-based measurements SIF, SIFy and VIs change over the progression into autumn in 
a temperate deciduous forest?  (3) What is the relationship among field-based measurements of 
SIF, SIFy, and VIs and satellite-based measurements of SIF, SIFy and VIs?  
 
Figure 19. Overview of quantities measured or calculated, paramters, and relationships or potential 
relationships. 
4.2 Methods 
4.2.1 Study Area 
The study was carried out in the Natural Bridge State Resort Park 
(37°46′39″N 83°41′37″W, Figure 20) within Daniel Boone National Forest near Stanton, 
Kentucky, U.S.A. The forest is considered to be a temperate deciduous forest of the Mixed 
Mesophytic Region (Braun, 1950) and the area climate is temperate, humid, and continental. The 
location is within the Appalachian Mountains on the Cumberland Plateau on the western 
escarpment making up a portion of the Red River Gorge Geologic area. Natural Bridge is a 
natural sandstone arc formed by weathering with a span of 24 m and 20 m high. Natural Bridge 
State Park, established in 1926, is named after the formation and is 910 ha in size.  The elevation 
of the Natural Bridge formation and immediate surroundings is approximately 395 m and 
provides a direct view over the deciduous forest canopy (Figure 21). The canopy is made up of a 
variety of oaks, pine, red maple, and others. The understory is significant and primarily species 
of Ericaceace (Kalissz and Powell, 2003; Braun, 1950). 
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Figure 20.Map of Daniel Boone National Forest, Kentucky, U.S.A. Inset map of the study area Natural 
Bridge State Park. 
 
 
Figure 21. Photograph perspective  below Natural Bridge formation after leaf off Autumn 2015. 
4.2.2 Field Measurements 
On six dates from September 15-October, 30, 2015, spectral measurements of vegetation 
were taken with the ASD Handheld 2 Pro Spectroradiometer (HH2, see chapters 2 and 3) during 
midday from the Natural Bridge formation and lift area (Figure 22). For each spectral 
measurement of canopy or grass using the HH2, a white reference measurement was taken at the 
beginning and end of each transect. To avoid changes in illumination between a white reference 
measurement and the companion target canopy or grass measurement, the time to collect a 
transect never exceeded 10 minutes and no transect exceeded 100 measurements. Although every 
attempt was made to collect observations weekly at 1:30 local time, access and weather did not 
permit this consistency. With these limitations, measurements were made on September 15, 22, 
October 6, 13, 18, and 30, between the hours of 11:30 and 3:15 local time (Figure 23). Spectral 
measurements of the forest canopy were made by extending the HH2 laterally from the Natural 
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Bridge formation over the canopy and making measurements approximately every 1 m. 
Obstacles and areas of the canopy shaded by obstacles were avoided such that the overall pattern 
of measurements for the day were groups of transects made from all accessible sunlit portions of 
the canopy. Spectral measurements were also taken of the grass area at the entrance of the state 
park. None of the measurements from grass transects on October 18 were useable and only three 
measurements were useable from all grass transects on October 30 due to a measurement error. 
Programs to read in and process data were written in Interactive Data Language (IDL, Harris 
Geospatial, Boulder, Co.). 
 
 
Figure 22. Photographs from Natural Bridge formation and lift areas to the canopy below. 
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Figure 23. Photographs of canopy overview for each day of field measurements. 
4.2.3 Calculating field-based measurements of SIF, SIFy, and VIs  
Solar induced fluorescence at 687 nm and 761 nm, SIF687 and SIF761 respectively, using 
the Fraunhofer line depth method (FLD) method and APARfield for each spectral measurement of 
canopy and grass was calculated (see chapter 3). SIF yield at 687 nm (SIFy687) and SIF yield at 
761 nm (SIFy761) was calculated by dividing SIF687 and SIF761 by APARfield (chapter 3). NDVI 
for each field spectral measurement (NDVIfield) was calculated using 
 
 
NDVI field =
ρ776 − ρ676
ρ776 + ρ676
 , (4.7) 
where ρ776 is the reflectance value at 776 nm and ρ676 is the reflectance value at 676 nm (J.A. 
Gamon et al., 1995; J. A. Gamon, Penuelas, J., FIeld, C.B., 1992; A. Huete et al., 2002). PRI was 
calculated for each spectral measurement according to the equation 
 
 
PRI =
ρ531 − ρ570
ρ531 + ρ570
 , (4.8) 
where ρ531 is the reflectance value at 531 nm and ρ570 is the reflectance value at 570 nm (Alonso 
et al., 2003; Gitelson et al., 2003; M. Meroni et al., 2008; M.  Meroni et al., 2008).  Chl was 
calculated for each spectral measurement according to the equation 
 
 
Chl =
ρ750
ρ700
−1.0  , (4.9) 
where ρ750 is the reflectance value at 750 nm and  ρ700 is the reflectance value at 700 nm 
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(Gitelson et al., 2003; Gitelson et al., 2006). For each day, SIF687, SIF761, SIFy687, and SIFy761 
were compared to NDVIfield, PRI, and Chl and a correlation calculated in order to explore the 
relationship among these quantities. A time series of the daily means of SIF687, SIF761, SIFy687, 
and SIFy761, NDVIfield, PRI, Chl, and the ratio between SIF687 and SIF761 (SIF687/SIF761, see 
Chapter 2) were calculated and plotted to compare trends in photosynthetic functioning of the 
vegetation as senescence progressed. The daily mean of the instrument uncertainty propagated 
through the calculations of SIF687, SIF761, SIFy687, and SIFy761 were calculated (See Chapters 2 
and 3) and included in the time series plots. Additionally, the standard deviation of daily SIF687, 
SIF761, SIFy687, and SIFy761, NDVIfield, PRI, Chl, and SIF687/SIF761 were calculated and plotted in 
the time series plots.  
4.2.4 Satellite data 
The orbiting Carbon Observatory-2 (OCO-2) SIF Lite- v7 product was selected for the 
study area and time period (Table 5). The 2015 days of the year (DOY) 250, 282, 314 were used 
to span the field measurement dates.  The OCO-2 SIF measurements were filtered for nadir 
observations according to the OCO-2 Users Guide recommendations (Christian Frankenberg, 
2015; Osterman et al., 2017). The OCO-2 SIF measurements with International Geosphere-
Biosphere Programme (IGBP) landcover classification category Temperate Deciduous Forest 
were extracted from the data. The OCO-2 data were selected for one swath, ~10.3 km wide, 
about 37 km East of the field site (Figure 24). Two latitude ranges were tested: a 1.5  degree 
latitude range (37 to 38.5 dd) and a 0.5 degree range (37.5 to 38 dd). Figure 25 shows the 0.5 
degree range. Instantaneous SIF (SIFinst, W/m2/µm/sr) was calculated for each measurement by 
taking the average of instantaneous SIF measured at 757nm (SIF757) and 771nm (SIF771) times a 
factor of 1.5 based on the OCO-2 Data Product User’s Guide and previous literature, although 
the factor in previous studies ranged from 1.4 to 1.7 (Christian Frankenberg, 2015; Magney et 
al., 2017; Osterman et al., 2017; Sun et al., 2018; Verma et al., 2017).  
There are two forms of normalization of satellite-based SIF used in this study. The first of 
the two forms of normalization examined is the daily average SIF, (SIFd, W/m2/µm/sr). SIFd was 
calculated for each measurement utilizing the daily correction factor (dcf) from the OCO-2 SIF 
Lite product. The dcf is a normalization factor that approximately accounts for the length of day 
and variability of the solar zenith angle (sza) using pure geometric incoming light scaling for the 
location in ten-minute time steps. SIFd is calculated with the following equation 
 
 
SIFdcf =
SIF757or771
cos(sza(tm ))
cos(sza(t))dt
t=tm−12h
t=tm+12h∫   (4.10) 
  
where sza is the solar zenith angle from the OCO-2 dataset and  tm is the time of measurement (Christian 
Frankenberg, 2015; C. Frankenberg et al., 2011; Osterman et al., 2017). The second of the two 
forms of normalization examined is the normalized instantaneous SIF (SIFyinst). SIFyinst utilizes 
SIFinst calculated from OCO-2 measurements in combination with the fraction of 
photosynthetically active radiation (fPAR) from the Moderate Resolution Imaging Spectrometer 
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(MODIS). MODIS fPAR collection 6 data (Table 5) were downloaded for the area and time 
period. For each OCO-2 SIF measurement, the center latitude/longitude of the measurement 
footprint and date were matched with the closest MODIS. MODIS fPAR values were utilized to 
calculate a value for APAR at satellite level matched to dates and locations of OCO-2 footprints 
(APARmod_oco2_match) according to the equation 
  
APARmod_ oco2_ match = So cos(szaoco2 ) fPARmod   (4.11) 
where So is the estimate of the solar constant equal to 516 W/m2µm, szaoco2 is the solar zenith 
angle for the OCO-2 SIF measurement, and fPARmod is MODIS fPAR. This formulation of 
APARmod_oco2_match is then employed to normalize SIFinst, SIF757, and SIF771as follows: 
 
 
SIFyinst =
SIFinst
APARmod_ oco2_ match
SIFy757 =
SIF757
APARmod_ oco2_ match
SIFy771 =
SIF771
APARmod_ oco2_ match
 . (4.12) 
Thus, a new formulation of APAR and SIFy based on satellite measurements is presented here 
for the first time. For comparison, MODIS fPAR data for the field location (~37km West of the 
center of the OCO-2 data) was utilized to independently calculate APAR for the study period as 
follows: 
  
APARmod@ field = So cos(szaind ) fPARmod   (4.13) 
where szaind is a calculation of sza utilizing latitude, longitude, and time (IDL function zenith, 
SSEC, University of Wisconsin). The time selected was 1330 EST. 
MODIS products for leaf area index (LAImod_oco2_match), daily gross primary productivity 
(GPPmod_oco2_match), daily net photosynthesis (NPmod_oco2_match), and normalized difference 
vegetation index (NDVImod_oco2_match) were also downloaded and matched to OCO-2 
measurements in time and location using the same methods as MODIS fPAR (Table 5). 
Additionally, a time series of each quantity was generated for the field measurement location for 
comparison (LAImod@field, GPPmod@field, NPmod@field, NDVImod@field). These satellite measurements 
of VIs were compared to satellite-based SIF and related quantities, as well as to one another. It 
should be noted that these quantities are utilized in MODIS algorithms and models to derive one 
another, so are expected to show relationships. This study is not meant to evaluate the MODIS 
products against one another, but primarily to compare to and inform the interpretation of OCO-
2 SIF data (Didan, 2015; Drolet et al., 2005; Alfredo Huete, Justice, & Leeuwen, 2015; R. 
Myneni, 2015; R. Myneni, Knyazikhin, Glassy, Votava, & Shabanov, 2003; R. Myneni, Y. 
Knyazikhin, J. Glassy, P. Votava, and N. Shabanov, 2003; Ranga Myneni, 2012; Wang et al., 
2017). Programs to read in and process satellite data were written for this study in IDL. 
  70 
Table 5. Summary of satellite products used in this study. 
Variable Sensor Spatial 
Resolution 
Temporal 
Granularity 
Version units Scale 
factor 
Level 
SIF OCO-2 ~1.2kmx2km 16-32 days 7 W/m2/µm/sr n/a Lite 
FPAR MODIS 500m 8 Day 6 none 0.01 4 
LAI MODIS 500m 8 Day 6 m2/m2 0.1 4 
FPAR MODIS 500m 4 Day 6 none 0.01 4 
LAI MODIS 500m 4 Day 6 none 0.1 4 
GPP MODIS 500m 8 Day 6 g C/m2/day 8 4 
PN MODIS 500m 8 Day 6 g C/m2/day 8 4 
NDVI MODIS 250m 16 Day 6 none 0.0001 3 
EVI MODIS 250m 16 Day 6 none 0.0001 3 
 
 
Figure 24. Map of OCO-2 and MODIS data for Natural Bridge study area. Column A contains larger 
view of central Kentucky region with field data (stars) and OCO-2 data (diamonds). Two swaths of 
OCO-2 measurements on DOY 250 are represented. The bottom of column A is closer view of field 
and OCO-2 measurement locations. Column B contains Google Earth images of the large area for 
reference (top) and closer view (bottom). Column C shows MODIS data (one tile) for DOY 249 and 
DOY 313. Blue boxes indicate approximate location of study area. 
 
4.3 Results 
4.3.1 Field campaign results 
Time series of daily means of field-measured quantities SIF761, SIFy761, APARfield, 
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NDVIfield, Chl, and PRI are shown in Figure 25. SIF761 and SIFy761 show a similar trend for the 
period from DOY 258 to 291 (Figure 25 a and b). It was expected that the shape of the two 
curves would be different between SIF761 and SIFy761 due to removing the influence of APAR. 
Since the trends of  SIF761 and SIFy761 are so similar, we cannot conclude that LUE was exposed 
by calculating yield. SIF761 and SIFy761 show a decline from DOY 265 to 286 that is not detected 
by NDVIfield (Figure 25a,b, and d). The Chl time series shows good agreement with SIF761 as 
anticipated (Figure 25a and e). SIF761, SIFy761, NDVIfield, and Chl all show similar trends for all 
DOYs except DOY 303 (Figure 25a,b,d, and e). Only SIFy761 shows a dramatic rise on DOY 
303. Although it is tempting to attribute this increase to an increase in LUE under diffuse 
lighting conditions as previous studies suggest, this is not supported by minor increases in 
SIFy761 on other DOYs where APAR moderately decreased (Figure 25b and c) (Lianhong Gu, J. 
William Munger, & Boden1, 2003; Yang et al., 2015). The trend in PRI is unique in comparison 
to the other field measurement quantities because it increases from DOY 258 to 265. The pattern 
in PRI more closely matched the expected SIFy761 pattern, thus PRI more closely represents a 
general anticipated trend of LUE. In plots of SIF761 and SIFy761, the pink errorbars represent the 
HH2 instrument uncertainty propagated through the calculation of SIF761 and SIFy761 (Figure 25 
a and b). In Figure 25 all panels include errorbars matching the plot line color representing the 
standard deviation. The instrument uncertainty and standard deviation of field measurements 
prompt caution in inferring fine scale changes in the field-measured quantities in the study. 
However, the degree of uncertainty does not indicate that the data are unreliable, especially to 
analyze relative trends and relationships in the study. 
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Figure 25.  Time series of the daily mean values of canopy field measurement quantities. Errorbars 
matching the color of the plotted line indicate the standard deviation and pink errorbars indicate the 
instrument uncertainty propagated through the calculations (see chapter 2) a) SIF761 vs. DOY b) SIFy761 
vs. DOY c) APARfield vs. DOY d) NDVIfield vs DOY e) Chl vs. DOY f) PRI vs DOY. 
 
In order to more closely examine relative trends in the field-measured quantities, SIF761, 
SIFy761, APARfield, NDVIfield, Chl and PRI were each plotted as a proportion of their maximum 
daily mean value for the study time period (Figure 26). All the field-measured quantities in this 
figure experienced their maximum values on DOY 258, except PRI, which reached maximum on 
DOY 265. Note that due to negative values of PRI the lowest point is the maximum value and 
the highest point is minimum value. SIF761 decreases to 0.17 and APARfield decreases to 0.22 of 
their max value on DOY 303, indicating that, as expected, SIF761 is likely driven primarily by 
APARfield. NDVIfield and Chl only decline to 0.78 and 0.59, respectively, for the study period 
(Figure 26a,c,d,e).  If DOY 303 is excluded due to clouds, NDVIfield shows a relatively negligible 
change only reaching 0.91 of the maximum value by DOY 281.  In contrast to NDVIfield, SIF761 
and  SIFy761 decrease to 0.36 and 0.49, respectively, thus record information NDVIfield does not 
detect. From DOY 265 to 286, APARfield declines are moderate (0.89 to 0.81 of the maximum) 
and Chl trend is similarly moderate (0.9 to 0.83 of maximum). However, during this same 
period, the decline in SIF761 (0.72 to 0.40) and SIFy761 (0.83 to 0.48) is more dramatic, further 
indicating that SIF761 and SIFy761 are capturing a change other than a response to changing 
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APAR and a change not detected by NDVIfield or Chl. The comparability of the shape of SIF761 
and Chl support the contention that they capture similar information related to GPP. The trend in 
PRI and PRI proportion of max (Figure 25f and Figure 26) reveal a larger change in pigment 
responses to the progress of senescence than NDVIfield or Chl (Figure 26), emphasizing that PRI 
represents physiological responses related to LUE in this study. 
 
Figure 26. Time series of canopy field measurement quantities plotted as proportions of the maximum 
value: SIF761, SIFy761, APARfield , NDVIfield , Chl, and PRI. Note that due to negative values for PRI, the 
lowest point is the maximum value and highest point is the minimum value. 
Figure 27 shows the time series of field-measured SIF761, SIFy761, APARfield, NDVIfield, 
Chl and PRI for both canopy and grass. On DOY 291, field measurements of grass were not 
properly recorded and could not be utilized in the study. On DOY 303, there were only 3 grass 
data points properly collected. Therefore, the time series for field-measured quantities for grass 
are plotted for DOY 258 through 286. On each plot, the daily mean of the three data points on 
DOY 303 appear for reporting purposes only. SIF761, SIFy761, NDVIfield and Chl for grass 
measurements appear higher than for the canopy measurements after DOY 258. On DOY 258, 
the reverse is true. However, the observed differences are not outside the uncertainty for the 
measurements, thus it is concluded that the forest canopy and grasses in this area performed 
similarly for the time period studied. Differences in SIF761, SIFy761, between the forest and 
canopy would be expected due to differences in canopy structure or photosynthetic functioning, 
or a combination of these. It is generally expected that spectra collected from grasses may not 
record as great a percentage of photons reflected or emitted as a broadleaf canopy due to the 
surface area of the leaves presenting to the instrument. It is reasonable to apply this explanation 
to these results if the broadleaf canopy is fullest and has the largest surface area presenting on 
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DOY 258, then a subsequent leaf wilting and leaf loss is captured by SIF761, SIFy761, and 
NDVIfield. A second explanation would be that the canopy progress toward senescence triggers a 
different level of photosynthesis functioning in the two vegetation types. However, utilizing 
these methods, no such differences were found. SIF761 and PRI are considered proxies for GPP, 
thus, it does appears the grass and forest canopy GPP is similar for the study period.  
The response of NDVIfield for grass and canopy daily means shows similar trends, which 
was expected. Because NDVIfield infers a level of greenness for vegetation types, for the time 
period where grass spectral measurements were made, it would be expected that grasses and the 
canopy would have similarly measured NDVI. NDVIfield is also utilized as an fPAR proxy, thus 
Figure 27d shows that grasses and forest canopy in this study absorbed similar fraction of 
incoming PAR. If measurements at later dates had been possible or a greater number of days 
measured, it would be expected that NDVI for grasses and canopy would separate as senescence 
progressed. The grass and forest canopy are trending together with an almost equivalent Chl as 
shown in in Figure 27e. Because the Chl index is an indicator of chlorophyll content, CHL for 
grasses and forest canopy was expected to be indistinguishable for the green period of 
measurements then trend separately as browning of the forest canopy proceeded, much like 
NDVI was expected to behave. PRI, which is considered an indicator of a changing pigment 
content and a proxy for LUE, indicates that grasses are following the same trending pattern as 
the forest canopy and the values are the same for the two types of vegetation. These results did 
not expose differences in photosynthetic functioning between grasses and canopy, thus raising 
the question regarding why are they not different. It was anticipated that photosynthetic 
functioning is different between the canopy and grass would be different for the whole study 
period, even when the greenness levels were similar, prompting further investigation into 
whether the lack of contrast is due to more similar photosynthetic functioning than expected or 
the inability to capture the differences in SIF with this instrument or these methods. 
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Figure 27. Time series of canopy and grass field measurement quantities. Circles represent data and 
diamonds indicate grass data.  a) SIF761 vs. DOY b) SIFy761 vs. DOY c) APARfield vs. DOY d) NDVIfield vs. 
DOY e) Chl vs. DOY f) PRI vs. DOY. 
Correlations among the field measured quantities were calculated (not shown). The r-
values were calculated between each field-measured quantity: SIF761, SIFy761, APARfield, 
NDVIfield, Chl, and PRI. It was expected that the correlation would be high for each day of 
measurements for quantities that have been proposed as proxies for the same parameters, such as 
SIF761 and Chl for GPP, and SIFy761 and PRI for LUE, and APARfield and NDVI for fPAR. 
However, variation in the measurements was lower overall than expected. Considering the lower 
than expected variability and similar levels of instrument noise in each pair, drawing conclusions 
about correlations is not possible. This also removed the possibility of exploring drivers of the 
photosynthetic activity of vegetation in the study.  
4.3.2 Satellite-based measurements 
Collocation of OCO-2 and MODIS data resulted in DOYs 249, 281, and 313 of the 
MODIS products closest matching OCO-2 SIF measurements for the study. The MODIS Land 
Grid locations h,v,x,y equal to 11, 05, 868-1127, 361.00-720.00, respectively most closely 
spatially matched OCO-2 SIF measurements for the study (Figure 24). Figure 28 shows the daily 
means of the satellite-measured quantities. Where possible, the field-measured quantity most 
related to the satellite-measured quantity is included for reference and comparison. SIFinst and 
SIFdcf*3 (multiplied by three to fit on the axis), shown in Figure 28a, was consistent for DOY 
249 to DOY 281, then decreases by DOY 313. SIFdcf and SIFinst are different by approximately a 
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factor of 3 in all instances. The range of DCF for the data is only 0.299 to 0.348 for all data, thus 
the time frame of the study did not see much variation in incoming radiation. SIF761 is within the 
margin of error for all days of the field campaign, except DOY 258, where it is higher, but not a 
day with a relatively close satellite overpass, making direct comparison difficult (Figure 28a). 
SIFyinst and SIFy761 lie within an order of magnitude of one another and uncertainty overlaps. 
This particular comparison serves as a test of the method proposed in this study to calculate 
APAR from two different satellite platforms, OCO-2 and MODIS. Thus, the relative 
comparability is a positive result prompting further examination of this method. However, the 
temporal pattern mismatch and lack of variability limit any interpretation of how the two 
compare to one another or represent photosynthetic functioning. Figure 28c highlights the 
comparability of the three methods to calculate APAR in this study. APARmod_oco2_match is 
calculated using the sza from OCO-2 soundings, fPARmod, and So. APARmod@field is calculated 
with fPARmod, but utilizes an independent calculation of sza. Although there is some separation 
of distance (OCO-2 is matched with a neighboring pixel of fPARmod) and a limited number of 
days for the APARmod_oco2_match values, there is good agreement between them. Additionally, 
APARfield is obtained at the field site and also agrees well with the other two formulations. 
Despite a mismatch of dates, times of day, and quantity inputs among the three formulations of 
APAR, there is good agreement for the entire study period, adding confidence to the 
formulations of APAR and the robustness of these methods to account for APAR. There is good 
agreement among the three methods of measuring NDVI in the study as well (Figure 28d). 
NDVImod_oco2_match and NDVImod@field and NDVIfield lie within the uncertainty of one another. The 
pattern of decreasing NDVI for the study period was expected due to the progress of the 
senescence period.  Figure 28e shows LAImod_oco2_match and LAImod@field trending downward for 
both the location of field measurements and the area of the OCO-2 swath (approximately 37 km 
apart). These are both measurements from MODIS and are from neighboring pixels, so they are 
expected to have similar values and expected to trend downward for the study period into 
autumn for the forest canopy. GPPmod@field and GPPmod_oco2_match, like LAI, trended together for 
the study period as expected (Figure 28f). SIF761 and SIFinst did not appear to have a relationship 
with GPP at this spatial and temporal scale. 
DOY 303 and at least three days between DOY 286 and 314 were overcast. MODIS 
fPAR is an eight day average, therefore the variation within an eight day period affects the 
calculations of SIFyinst and is further compounded by having only three collection dates for OCO-
2. Additionally, DOY 281 was an overcast day and a smaller number of OCO-2 measurements 
was made on that day, likely due to the cloudy conditions. Interpretation of these measurements 
is further hampered by the different spatial pixel or footprint size between the MODIS and OCO-
2 instruments. It is remarkable that utilizing multiple spatial and temporal scale observations 
SIFyinst data were still within the same order of magnitude of SIFy761. However, further 
evaluation of this formulation of SIFyinst and tests of sensitivities to scale, resolution, and 
environmental factors is needed.  
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When OCO-2 measurements from a wider range of latitude (1.5 degrees) were analyzed, 
the variability of SIFinst and APARmod_oco2_match and SIFyinst the three overpass dates for OCO-2 
was even smaller than the 0.5 degree latitude range (Supplementary Material, 8.3). For a study 
with such a short time period, this latitude range was too large to capture any change in SIF 
quantities.  
 
 
 
Figure 28. Time series of canopy satellite measurement quantities plotted over canopy field 
measurement quantities. Errorbars on plots of satellite quantities indicate standard deviation. Circles 
indicate field data, triangles indicate MODIS matched with OCO-2 data, and stars indicate MODIS 
data for at the Natural Bridge field site. a) SIF761, SIFinst and SIFdcf*3 vs. DOY b) SIFy761 and SIFyinst vs. 
DOY c) APARfield ,APARmod_oco2_match APARmod@field vs. DOY d) NDVIfield, NDVImod_oco2_match, and 
NDVImodis@field vs. DOY e) LAImod_oco2_match and LAImod@field vs. DOY f) GPP mod_oco2_match and GPPmod@field vs. 
DOY. 
SIF761, SIFinst, GPPmod@field, and GPPmod_oco2_match (Figure 29a) are plotted as a proportion 
of their maximum values in order to examine their relative changes. SIF761 and SIFinst  are 
similarly trending from maximum to minimum for the study period, while both formulations of 
GPP begin and end low and peak in the middle. SIF761, SIFinst, GPPmod@field, and GPPmod_oco2_match 
all reach minimum values at the end of their measurement period. SIFyinst and SIFd plotted as a 
proportion of their maximum values shows the relative decrease is much greater for SIFdcf than 
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SIFyinst (Figure 29b). SIFdcf reaches 0.2 of the max value from DOY 249 to DOY 314, while 
SIFyinst  reaches 0.66 of maximum value. NDVImod_oco2_match,  NDVImod@field, and NDVIfield all 
trend from high to low (Figure 29d). LAI quantities reach a smaller proportion of their maximum 
than NDVI quantities (less than 0.2 versus 0.6, respectively. This could point to a greater 
decrease in leaf wilting or leaf shape of the forest canopy versus the level of green pigment 
content (Figure 29d). Showing similar decreases from the maximum value are all APAR 
quantities, LAI quantities, SIFdcf, and SIFinst. More work would be necessary to confirm, but a 
decrease in LAI could drive a decrease in SIFinst and SIFdcf  due as much to leaf geometry as to 
changing photosynthetic activity.  
 
 
Figure 29. Time series of satellite and field measurement quantities plotted as a proportion of 
maximum values. Circles indicate field data, triangles indicate MODIS matched with OCO-2 data, and 
stars indicate MODIS data for at the Natural Bridge field site. a) SIF761, SIFinst, GPPmod_oco2_match, and 
GPPmod@field b) Normalized forms of SIF: SIFy761, SIFyinst, and SIFdcf vs. DOY. c)APARfield, APARmod@field 
and APARmod_oco2_match vs DOY. d) NDVIfield, NDVImod_oco2_match, NDVImod@field, LAImod_oco2_match, LAImod@field 
vs. DOY. 
A full table of r-values from calculations of correlations among satellite measurements of 
SIFinst, SIFyinst, SIFd, APARsat, NDVIsat, GPP, and LAI can be found in Supplementary Material 
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8.3.3. Satellite-based measurements of SIFd and SIFinst vs. NDVIsat have the highest r-values, 
r=0.73 and 0.71, respectively, among all the tests. r-values of 0.69, 0.67 and 0.65 were found 
between SIFd and GPP, fPAR, and LAI, respectively. SIFinst compares similarly with GPP 
(r=0.66), fPAR (r=0.65), and LAI (r=0.63). The moderate r-value for SIFinst and GPP is 
encouraging, but was anticipated to be higher. Lower r-values occur when comparing SIFyinst to 
NDVIsat, GPP, fPAR, and LAI (0.21<=r<=0.31). These correlations were expected to be low 
because the influence of APAR has been removed from SIFyinst, but remains an influence on 
NDVIsat, GPP and LAI. Further study would be needed to validate that APAR has properly been 
disentangled from the SIFinst values. 
4.4 Discussion 
SIF761 and SIFy761 detected a decline in photosynthetic functioning earlier than NDVIfield 
began showing a decrease in greenness. Additionally, SIF761 captured a larger relative decline 
than NDVIfield. The low APAR quantities on DOY 303 due to heavy clouds resulted in a dramatic 
and obvious increase in SIFy761, however, this result was not unexpected and warrants further 
investigation. Previous studies have observed this effect while addressing other research 
objectives and together with these results suggests future studies of SIF and SIFy under a range 
of diffuse and non-diffuse conditions is needed (Lianhong Gu et al., 2003; Yang et al., 2015). 
Field-measured SIFy761 was expected to detect plant functioning that SIF761 and APARfield would 
not individually show. Under this experimental design, this was not the case. In order to reveal 
the more subtle and difficult to detect underlying functioning, these results show that more 
consistency is needed for collection time, instrument height from canopy, and a greater number 
of field measurements made, potentially by mounting the HH2 on a tower. Another approach 
would be higher spectral resolution measurements to more accurately capture the small SIF 
signal such that the relatively large APAR influence would be more carefully removed, 
distinguishing SIF and SIFy more distinctly. 
These results did not expose differences in photosynthetic functioning between grasses 
and canopy, as expected. The questions regarding no difference found utilizing high spectral 
resolution measurements could mean that the method to measure SIF is not sufficient to capture 
photosynthetic changes, the measurements were not collected frequently enough to capture these, 
or the formulation of SIFy needs to be adjusted. However, formulations of APAR were very 
robust in this study. A proper accounting for APAR is a first critical step at approximating an 
estimate of LUE in remote sensing. It is then concluded that an examination of the SIF retrieval 
method might improve results. Improved FLD retrieval approaches have been proposed in the 
literature, and should be employed with this data to potentially improve results (Alonso et al., 
2007; Alexander Damm et al., 2011; A. Damm et al., 2014; Julitta, 2015; Liangyun Liu, 2016; L. 
Liu, Zhang, Wang, & Zhao, 2005; X. Liu & Liu, 2015; Luis Alonso, 2008; Meroni, Rossini, et 
al., 2009; Pinto et al., 2016). 
PRI showed an expected trend in photosynthetic functioning, thus is a strong candidate 
for a proxy to LUE in this study. In the early days of the campaign it is reasonable to think the 
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deciduous green canopy is still experiencing slight increasing in carotenoids followed by the 
beginning of the breakdown of chlorophyll at a greater rate than carotenoid breakdown which 
occurs during senescence, which is supported by PRI (Alonso et al., 2003; Daniel A. Sims, 2002; 
J. A. Gamon, Serrano, L., Surfus, J.S., 1997; Springer et al., 2017; Wehr et al., 2016). The 
similarity between the trend of Chl and SIF761 is an encouraging and anticipated result. SIF761 
and Chl have both been linked to GPP, and as such are thought to reveal similar information 
about photosynthetic phenology. Since both are also a sensitive to foliage change effects and 
canopy structure changes convolved during an autumn field campaign, it is suggested that this 
result serves as motivation for further studies collecting a larger dataset and multiple vegetation 
types. Grass field-measured quantities also support the relationship between SIF761 and Chl but 
do not expose any differences in canopy and grass physiological functioning. An expected 
contrast in vegetation types is likely attributed to both physiological functioning and structure 
differences in the vegetation types, thus prompts more investigation into utilizing SIF metrics 
from different vegetation types to ultimately relate to carbon flux values. Correlations among the 
field measured quantities did not support consistent relationships between SIF761~Chl or 
SIFy761~PRI. Since no correlation was found, neither SIF nor VIs can be proposed as model 
parameters in the LUE model. Further work on a larger scale would be required to determine 
this. 
The satellite-measured SIFinst and field-measured SIF761 have values that are close to the 
margin of error and within one order of magnitude of one another, although there are not 
sufficient data points to match the trends. This provides a basis to look into more extensive 
measurement campaigns and techniques for upscaling and more detailed comparisons from field 
to satellite SIF. Relative trends in SIF761, SIFinst, and GPP support comparisons of SIF and GPP 
at field and satellite levels, but more measurements in time for a longer period of time are 
necessary to capture sensitive changes occurring in SIF and a sensitivity analysis is required to 
get an empirical SIF-GPP relationship as well as define drivers of SIF-GPP variations. Methods 
for estimating APAR in this study proved to be robust and applicable for further investigations of 
SIFy at field and satellite scale. Additionally, these methods could be utilized to explore the 
effects of diffuse lighting conditions on photosynthetic activity at both field and satellite level in 
order to better understand GPP on scales of days to weeks for a region.  Measuring SIF over a 
range of cloud cover with specific species level monitoring to better understand the 
photosynthetic response of vegetation when measured with these techniques is recommended. 
LAI values reasonably point to a decrease in leaf coverage of the canopy over the progression of 
senescence and shows signs of being a driver to similar relative decreases in SIF761, SIFinst, and 
SIFdcf. These could be closely related to the overall decrease in GPP. GPP and LAI from MODIS 
are related through the modeling process, but SIFinst and SIFdcf are OCO-2 derived quantities, not 
relying on the formulations of APAR presented in this study, nor on LAI or GPP from MODIS. 
Thus OCO-2 SIFinst and SIFdcf are independently capturing a relative decline in daily averaged 
photosynthetic functioning similar to  APAR, GPP and LAI. 
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4.5 Conclusions 
These results demonstrate that, as expected, SIF is a more responsive metric for detecting 
changes during senescence than NDVI, decreasing earlier than NDVI. Also, SIF and Chl showed 
similar responses related to changes in GPP at both field and satellite scales. It is shown here that 
PRI captures changes that NDVI does not detect and is sensitive to changes in functioning during 
senescence potentially related to LUE. There is evidence from this study that SIF responds 
earlier to seasonal change of the deciduous forest. However, this study did not confirm that SIF 
and SIF-related quantities outperform VIs, rather the results support the complementary nature of 
SIF and VIs while highlighting the potential for SIF as a superior monitoring tool with improved 
experimental designs intended to capture finer resolution differences. Additionally, these 
findings did not show that field-based measurements of SIF and VI quantities presented capture 
the relative differences in photosynthetic and/or structural differences between vegetation types 
using these methods. Improving the collection protocol, potentially with a tower-based system 
would have critical implications in further ecosystem-level remote sensing studies by capturing 
relative differences expected for different vegetation types. Results from satellite-based 
measurements of SIF and VI quantities support a SIFinst and GPP relationship as expected. 
Normalized SIF, SIFyinst and SIFdcf, also resulted in reasonable values and trends for the study 
period and SIFdcf shows signs of satellite level relationship to LAI and GPP. Furthermore, there 
is a reasonable range of values measured from field and satellite levels prompting further 
investigations of empirical and underlying relationships. The similarities in relative changes in 
the trends of SIFy761 and SIFyinst, generally support the normalization methods presented here. 
The reliability of methods to capture APAR along with some interesting SIF findings support 
further investigation, but additional data is needed to test the sensitivity of the two normalization 
techniques to photosynthetic responses. A next step would be to collect data in specific 
vegetation types in the field coincident with unmanned aerial vehicle and/or satellite data and test 
relationships and sensitivities of up and down scaled measurements. 
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5  PATTERNS OF REGIONAL PHOTOSYNTHESIS FROM SATELLITE-BASED 
SOLAR-INDUCED FLUORESCENCE OBSERVATIONS IN BRAZIL 
5.1 Introduction 
Although tropical ecosystems play a critical role in the global carbon budget, our 
understanding of local and regional scale gross primary production (GPP) is severely limited due 
to the complexity of tropical ecosystems and limitations in scaling current methods of collecting 
data. Brazil contains 19% of the world’s flora, and contributes significantly to the global 
productivity, total terrestrial global biomass, and global biodiversity (Giulietti, Harley, De 
Queiroz, & Van Den Berg, 2005; Laurance et al., 2012; Lee et al., 2013; Lewis, 2006; Moreira 
de Araújo, Ferreira, & Arantes, 2012; Putz et al., 2014; S. J.  Wright, Muller-Landau, & 
Schipper, 2009; Zhao, Running, Heinsch, & Nemani, 2010). It is predicted that climate change 
will increase the frequency and severity of droughts in the tropics, which will make the role of 
the tropical vegetation in the carbon cycle even more uncertain (Clark, Clark, Oberbauer, & 
Kellner, 2017; Cox et al., 2013; Huntingford et al., 2013; Laurance et al., 2012; Lewis, 2006; Liu 
et al., 2017; Salazar, Nobre, & Oyama, 2007; Sitch et al., 2008; S. J. Wright, 2010). In order to 
better predict the long-term effects of climate change in tropical regions, it is necessary to 
determine the photosynthetic response of tropical vegetation by improving estimates of GPP at 
regional scales in the tropics. 
Remote sensing promises to fill the gap in our understanding of carbon fluxes, GPP, 
vegetation functioning, and changes under the threat of climate change in tropical regions. 
However, most satellite remote sensing methods to model plant functioning currently rely on 
reflectance-based vegetation indices (VIs), primarily the enhanced vegetation index (EVI) for the 
tropics which suffers from saturation due to greenness in tropical regions. In contrast, solar-
induced fluorescence (SIF), does not have saturation problems since it is generated from the 
photosynthetic machinery of plants. Recent advancements in satellite observation offer the 
opportunity to measure SIF from space. Satellite-based measurements of SIF have been 
demonstrated to be related to plant photosynthetic functioning and have been shown to be 
proportional to carbon uptake and GPP (Frankenberg, 2012; Frankenberg et al., 2011; Guanter et 
al., 2014; Meroni, Rossini, et al., 2009; Rossini et al., 2015). Studies also suggest satellite-based 
SIF is an earlier indicator of vegetation stress than other remote sensing vegetative health indices 
(Meroni, Panigada, et al., 2009).  
Launched in 2014, the Orbiting Carbon Observatory-2 (OCO-2, NASA) satellite collects 
SIF observations globally, offering the opportunity to measure photosynthetic activity of 
vegetation at higher resolution than was possible before and to employ them to address gaps in 
knowledge about GPP and carbon fluxes in the tropics. OCO-2 based SIF measurements exploit 
superior spatial and spectral resolution, data acquisition techniques, and retrieval precision than 
previous satellite-based SIF measurements. This allows improved validation, better 
determination of SIF-GPP relationships, and high-resolution ecosystem functioning 
investigations (Frankenberg, O'Dell, et al., 2014; Philipp Köhler, Guanter, Kobayashi, Walther, 
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& Yang, 2017; Sun et al., 2017). There is a consensus in the literature that the need to improve 
our understanding of regional fluxes in tropical regions is urgent, yet there are only a few studies 
utilizing satellite-based SIF in the tropics and all of the ones in South America have focused on 
the Amazon alone (e.g. (Laurance et al., 2012; Lewis, 2006; Malhi, 2012; Salazar et al., 2007; 
Sassan S. Saatchi, Brian R. Zutta, & Morel, 2010; S. J.  Wright et al., 2009). The development of 
satellite-based SIF to monitor and map regional photosynthetic activity in tropical ecosystems 
would be a critical step toward answering current ecosystem services questions and uncertainties 
regarding seasonality and vegetation functioning in tropical regions. Additionally, with climate 
models predicting longer periods of drought in tropical regions, for instance, satellite-based SIF 
should be developed as a tool to prepare us for future challenges (Dai, 2012). 
The potential for satellite-based measurements of SIF from OCO-2 to improve our 
understanding of photosynthetic activity of tropical ecosystem functioning motivates an 
investigation of the temporal and spatial patterns of SIF at a regional scale in Brazil, the country 
with the largest absolute area in the tropics. The aim of this study is to quantify the 
spatiotemporal patterns of photosynthesis, thus GPP, from satellite-based observations of SIF to 
better understand regional vegetation functioning and seasonality because it relates to carbon 
exchange and GPP. The interannual variability and seasonality of photosynthetic activity at a 
regional scale (phenoregions) is examined to answer the following questions: 
(1) What is the degree of difference in the regional interannual variability of 
photosynthetic activity in spatially disparate tropical regions of Brazil observed utilizing 
satellite-based measurements of SIF? 
 (3) Do wet and dry season fluctuations of photosynthetic activity at regional scales 
(phenoregions) capture seasonality of the region or responses of vegetation to climatic events, 
such as drought over the period between 2014-2016? 
5.2 Methods 
5.2.1 Brazilian phenoregions 
The phenoregions chosen in this study are shown as the small boxes on the map in Figure 
30. In the Amazon biome, three regions were selected based on phenoregions identified as 
having distinct seasonality: Southwest Amazon (SW Amazon), Central Amazon, and the Eastern 
Guiana Shield (NE Amazon).  Xu et al. (2015) are credited for the term “phenoregions” adopted 
in this study. In their analysis, they showed that seasonal changes of tropical forest (evergreen 
broadleaf forest, specifically) occurring at the phenoregion scale are related photosynthetic 
activity and GPP and are influenced by water, light availability, and stomatal responses to the 
environment (Xu et al., 2015). 
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Figure 30. Map of Brazil, Brazilian biome limits, and phenoregions for the study. 
 
Barranco Alto is in the Pantanal biome. It is a working cattle ranch and ecotourism 
destination at the southern border of the Nhecolândia region in Mato Grasso do Sul State. The 
lower Nhecolândia is known for containing diverse and fragmented vegetation, the highest 
density and diversity of wildlife in the world, and presence of thousands of fresh and saltwater 
lakes in close proximity (Bergier, 2013; Costa, Telmer, Evans, Almeida, & Diakun, 2015; 
Desbiez, Richard Ernest Bodmer, & Santos, 2009; Evans, Costa, Silva, & Telmer, 2010; 
Furquim, Graham, Barbiero, Queiroz Neto, & Vidal-Torrado, 2010; Hellman, 2005; Junk et al., 
2006; A. Keuroghlian, Eaton, & Desbiez, 2009). At Barranco Alto, ground and unmanned aerial 
vehicle (UAV) data were collected in three field campaigns for future validation of OCO-2 SIF 
(not utilized in this study). An area within the Serra do Cipó National Park/ Morro da Pedreira 
Environmental Protection Area approximately 100 km northeast of Belo Horizonte in Minas 
Gerais State was selected as a phenoregion within the Cerrado biome for its characteristic 
vegetation and available ground and UAV data. The vegetation is lowland cerrado vegetation, 
containing woody and grassland types with limited patches of tropical seasonal forest (Alvarado, 
Fornazari, Cóstola, Morellato, & Silva, 2017; Reynolds, Wesson, Desbiez, Ochoa-Quintero, & 
Leimgruber, 2016). The Central Caatinga phenoregion is characterized as “Brazilian semi-arid” 
and contains woody shrub land and dry forests (Beuchle et al., 2015; Guilherme de Oliveira 
2012). This phenoregion was defined by selecting a sample unit from Beuchle et al. (2015) 
which intersected with OCO-2 SIF measurements.  
Two sites in São Paulo State within the Atlantic Forest were chosen due to the 
availability of field campaign ground data: the Cantareira and Cardoso phenoregions. The 
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Cantareira is a fragmented, heavily agricultural area within the Atlantic Forest biome with a wide 
variety of crops and land use patterns with some protected areas of neotropical montagne forest 
(Dupas, 2000; Marcelo Tabarelli, 1999; Ribeiro, Metzger, Martensen, Ponzoni, & Hirota, 2009). 
The phenoregion near Ilha Cardoso State Park, at the southernmost limits of the State of São 
Paulo, is also considered a tropical montagne rainforest with some legal and illegal palm 
harvested, although no deforestation to the degree seen in the Cantareira (Dupas, 2000; Alexine 
Keuroghlian & Eaton, 2008; Marcelo Tabarelli, 1999; Ribeiro et al., 2009). The Central Pampa 
phenoregion was selected within a transitional region of seasonal and mixed-deciduous forest in 
the Central Depressional area under threat of continued degradation and wind and water erosion 
according to Roesch et al. (2009). Additionally, the region’s deciduous forest matrix and 
grasslands are often overlooked relative to tropical forests, much like in the Cerrado biome, 
although the richness of biodiversity is very high and these areas are also under pressure from 
fragmentation and climate change (Müller, Overbeck, Pfadenhauer, & Pillar, 2012; Overbeck et 
al., 2007; Roesch et al., 2009). 
5.2.2 OCO-2 based solar-induced fluorescence measurements 
OCO-2 collects spectral data at 757 and 771 nm (FWHM=0.042 nm) at approximately 
1330 local time (LST) allowing accurate, high resolution retrievals of instantaneous solar-
induced fluorescence (SIF) within the Fraunhofer lines (Frankenberg, O'Dell, et al., 2014). OCO-
2 acquires 24 spectra per second producing eight cross-track spectra each covering about 2 km x 
1.3 km spatial area, called a footprint, over a narrow swath width with maximum of 
approximately 10 km. At the Equator, the swath width narrows due to slit rotation and the 
instrument records spectra of only one ground footprint with all eight independent cross-track 
spectra (Sun et al., 2018). The revisit period is every 16 days. Through July 2nd, 2015 each revisit 
time alternated between glint and nadir mode for the instrument, thus the repeat time for a set of 
nadir measurements is every 32 days. Since July 2nd, 2015, the instrument alternates modes for 
every orbit. Calculating monthly means for time series allows examination of SIF from OCO-2 
to be consistent throughout the study period. Nadir mode measurements are recommended for 
studies such as this one because it follows a similar ground track each revisit time (allowing 
detection of temporal changes), has a higher spatial resolution, better signal-to-noise ratio and 
more consistent measurements under varying atmospheric conditions and topography than does 
glint mode (Eldering, Basilio, Schimel, & O'Dell, 2017; Frankenberg, 2015; Frankenberg, 
O'Dell, et al., 2014; Sun et al., 2018; Sun et al., 2017). OCO-2’s coverage is global, however, 
there are gaps between the swaths. Continuous spatial coverage is sacrificed for the fine spatial 
sampling of each OCO-2 footprint. A map of OCO-2 footprint center locations in South America 
for June 2015 appears in Figure 31.  
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Figure 31. Map of OCO-2 SIF footprint centers for South America, June 2015. 
The OCO-2 SIF Lite product (version 8r, “r” indicating retrospective dataset) data from 
September 2014-October 2017 for South America was downloaded and processed. The data 
were read in, filtered for nadir mode, and relevant variables, such as IGBP class, vapor pressure 
deficit (VPD), specific humidity (SH), and skin temperature (Tskin). Instantaneous SIF (SIFinst) 
was calculated using the average of instantaneous SIF measured at 757 nm and instantaneous SIF 
at 771 nm times a factor of 1.5 based on the OCO-2 Data Product User’s Guide and previous 
literature (Frankenberg, 2015; Magney et al., 2017; Osterman et al., 2017; Sun et al., 2018; 
Verma et al., 2017): 
 
 
SIFinst =
SIF757nm +1.5xSIF771nm
2
 . (5.1) 
SIFdcf was calculated by applying the daily mean correction factor (DCF), which is a time 
averaged first order approximation of a daily average SIF (see chapter 2) (Frankenberg, 2015; 
Frankenberg et al., 2011; P. Köhler, Guanter, & Frankenberg, 2015; Osterman et al., 2017). The 
DCF varies with time and latitude because these relate to the variation of the solar zenith angle 
(SZA) and length of the day, thus having a seasonal cycle. Although this cycle is weaker in the 
tropics than higher latitudes, applying the DCF to SIF is recommended for examination of 
seasonal cycles, comparing SIF across large spatial scales, and when examining OCO-2 based 
SIF to other products with different collection times (P. Köhler et al., 2015; Sun et al., 2018; Sun 
et al., 2017; Yoshida et al., 2015). SIF normalized with the cosine of the solar zenith angle 
(CSZA), SIFcsza, was also calculated for evaluation. 
OCO-2 SIF footprint latitude/longitude centers were extracted for Brazil based on their 
intersection with shapefiles delineating the limits of the country obtained from the Global 
Administrative Areas database (GADM, www.gadm.org). The nine phenoregions (1ox1o areas) 
of OCO-2 SIF data were selected across the country based on locations of OCO-2 measurements, 
literature and availability of field campaign data for future validation. Four of the nine 
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phenoregions have field campaign data available and future work will incorporate these for 
validation and evaluation of the SIF-GPP relationship for those regions. OCO-2 SIF 
measurements within these phenoregion boundaries were extracted. Monthly mean SIFinst, SIFdcf, 
SIFcsza, VPD, SH, Tskin, and other satellite-based quantities were calculated for the phenoregions. 
Time series for the study period were created for each phenoregion in order to examine the 
spatiotemporal variability of photosynthetic activity. Wet and dry season time series were 
created of monthly mean SIFinst and SIFdcf to identify signs of seasonality of the phenoregions. 
An overview of methods is provided in Figure 32. 
 
 
Figure 32. Methods overview. Flowchart depicting main steps and approaches in this study. 
5.3 Results 
5.3.1 Phenoregion photosynthetic interannual variability 
Time series of SIFdcf, scaled SIFdcf, and VPD, are shown for each phenoregion in Figure 
33, Figure 34, and Figure 35. In the Amazon, it was anticipated that small fluctuations in 
photosynthetic activity due to regional environmental variables, such as VPD, would be captured 
with OCO-2 SIF observations among the three phenoregions. These phenoregions have been 
identified as having distinct variations in previous studies(Jones, Kimball, & Nemani, 2014; Li, 
Xiao, & He, 2018; Xu et al., 2015; Yang et al., 2018). Each phenoregion is classified as 93% or 
more evergreen broadleaf forest (EBF), thus quite homogeneous. Aside from October 2014 and 
March 2016 where the SW Amazon SIFdcf peak is somewhat outside the uncertainty of the 
Central Amazon and NE Amazon phenoregion SIFdcf, the interannual variability of all three 
regions is the same (Figure 33). Relative to the uncertainties, the trends are indistinguishable. 
There are contrasts, however in the variability of the SW Amazon decreasing to a factor of 0.45 
in September of 2016, while the Central Amazon and NE Amazon reach only 0.6 in June of 
2016, and 0.65 in June of 2015, respectively (Figure 33, row 2). Additionally, Figure 33 shows 
that the minimum for the SW Amazon occurred during an month of maximum VPD, while the 
minimum values for SIFdcf in the Central and NE Amazon occurred when VPD was relatively 
lower than other months in their respective time series.  Even with the uncertainty, the trends 
seem to be somewhat cyclical and this is further evaluated in the next section. In Figure 33, time 
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series of the VPD for each region shown that the environmental conditions for vegetation are 
quite different (Figure 33, row 3). The SW Amazon phenoregion has the lowest overall VPD, 
followed by the Central Amazon, both in contrast to yearly peaks in the Oct-Dec range in the NE 
Amazon.  
 
 
Figure 33. Time series of monthly average OCO-2 SIFdcf  and errorbars representing standard deviation 
(row 1), scaled SIFdcf (row 2), VPD (row 3), for the three phenoregions in the Amazon: SW Amazon 
(Column 1), Central Amazon (column 2), and NE Amazon (column 3).  
All remaining six phenoregions: Barranco Alto, Serra do Cipó, Central Caatinga, 
Cantareira, Cardoso, and Central Pampa, time series of SIFdcf, and scaled SIFdcf show similar 
distinct cycles among regions for the time period of this study. This indicates there are cyclical 
trends in photosynthetic activity in these phenoregions (Figure 34 and Figure 35). The degree of 
variability is similar in all regions. Unexpectedly, the Central Pampa and Serra do Cipó scaled 
SIFdcf approximately match the Central Caatinga (reaching below 0.2 of their maximum). The 
cyclical trends tend to match with accepted general months for the peaks of the wet and lows for 
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dry season months. In the following section, a more in-depth look at seasonality is undertaken. It 
was expected that the phenoregions south of the Amazon would experience a greater variability 
than the Amazon phenoregions. However, one goal of this study was to better distinguish 
regional fluctuations in photosynthetic activity among phenoregions, which was difficult to do 
with the large uncertainty of the monthly mean SIFdcf values.  
Each of the phenoregions interannual variability was also examined in relation to the 
vegetation classification of the OCO-2 SIF measurements in the phenoregions. For the classes 
utilized, the abbreviations and descriptions are shown in Table 6. In contrast to the Amazon and 
Cardoso phenoregions (>93% EBF), the other phenoregions are a mix of vegetation classes. 
Barranco Alto vegetation classes include 65% SAV, 11% GRA, and 5-8% each WSAV, DBF, 
and EBF, and less than 2% PW, OSHR, CNVM, and CSHR. Vegetation classes in Serra do Cipó 
SIF are 44% CNVM, 32% SAV, 13% WSAV, and 5% or less GRA, PW, OSHR, WSAV, DBF 
and EBF. The Central Caatinga is classified as 28% SAV 24% OSHR, 20% GRA, 15% CSHR, 
11% WSAV, and less than 1% each CRP, DBF, and URB. Barranco Alto, Serra do Cipó, and 
Central Caatinga phenoregions also have a higher overall and more variable VPD than the the 
other regions, especially the Amazon phenoregions, which could be the driver for much of  
variation in vegetation functioning in these phenoregions. Investigating the influence of the 
environmental variables is an important next step, along with investigating the large degree of 
uncertainty in the SIFdcf observations. 
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Figure 34. Time series of monthly average OCO-2 SIFdcf  and errorbars representing standard deviation 
(row 1), scaled SIFdcf (row 2), VPD (row 3), for the Barranco Alto (Column 1), Serra do Cipó (column 2), 
and the Central Caatinga(column 3) phenoregions. 
As shown in Figure 35, the Cantareira (column 1), Cardoso (column 2) and Central 
Pampa (column 3) phenoregions have some months with missing data. The OCO-2 SIF 
collection was sparse, likely due to cloud cover, strict cloud filtering for OCO-2, and the 
presence of water bodies for OCO-2 SIF measurements (Eldering et al., 2017; Frankenberg, 
2015; Frankenberg, Eldering, Joiner, Guanter, & Berry, 2014; Frankenberg, O'Dell, et al., 2014; 
Sun et al., 2018; Sun et al., 2017). Despite missing months, the cycles from low values to high 
values appear in each time series. A low value appears in Jun or Jul or Aug of 2015 and a high in 
Dec 2015 or Jan or Feb 2016 in each one. The Cantareira vegetation is classified as 38% SAV, 
22% CNVM, 12% each WSAV, EBF, and CRP, and less than 1% each GRA and OSHR. The 
Cardoso phenoregion is 97% EBF, and less than 2% each PW and DBF. The Pampa is 48% 
SAV, 28% WSAV, 11% GRA, 8% CNVM, and less than 3% each EBF, DBF, OSAV, and PW.  
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Figure 35. Time series of monthly average OCO-2 SIFdcf  and errorbars representing standard deviation 
(row 1), scaled SIFdcf (row 2), VPD (row 3), for the Cantareira (Column 1), Cardoso (column 2), and the 
Central Pampa (column 3) phenoregions. 
5.3.2 Phenoregion seasonality  
As with other results in this study for the Amazon, the decrease in SIFdcf (or SIFinst, not 
shown) from the wet to dry season among the three Amazonian phenoregions was not distinct, 
although the SW Amazon potentially has the greatest change from wet to dry season in 2014-
2015 (Figure 36, a-c). There is no indication that any particular month might signal transition in 
SIFdcf indicating seasonality utilizing these methods at the phenoregion scale. The seasonality 
analysis for Barranco Alto suffers from large uncertainty and is complicated by missing months 
of data. However, in a qualitative way, there is a trend from wet to dry seasons (Figure 36 d). 
Figure 36 panel e shows Serra do Cipó’s transition from wet to dry season, with the maximum 
occurring all three years in December, yet the minimum for the dry season is not consistent. 
SIFdcf is generally lower in months considered to be dry season months, Jun-October in Serra do 
Cipó. The Central Caatinga phenoregion has a different temporal pattern in each of the three 
years with peaks in the months of March and April for each year and an additional peak in 
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January 2016. The stark jump from a low in December 2015 to January 2016 coincides with a 
change in VPD (Figure 35). For the Cantareira and Cardoso phenoregions, the missing data 
decreases an already small set of three measurements for each month and the inconsistency limits 
the information we can get regarding seasonality with this method (Figure 36 g and h). In the 
Central Pampa phenoregion in months where there are two monthly mean measurements of 
SIFdfc, there is a wet to dry transition seen, although interpretation is hampered by the missing 
months and uncertainty (Figure 36 i). The Pampa as well as other phenoregions except the SW 
and Central Amazon, were expected to show a stronger seasonal signal due to climate, supported 
by the environmental data in the data set, shown in the Supplemental Material.  
 
 
Figure 36. Wet and dry season comparison for each phenoregion. a) SW Amazon, b) Central Amazon, 
c) NE Amazon, d) Barranco Alto, e) Serra do Cipó, f) Central Caatinga, g) Cantareira, h) Cardoso, i) 
Central Pampa. Each year is overplotted wet to dry season and the mean for each wet and dry season 
marked with horizontal lines.  
5.4 Discussion 
The spatial scale of this study was purposefully selected to provide a picture of regional 
photosynthetic functioning related to local climatic and incoming solar conditions and to 
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represent a grid size recommended for analysis of OCO-2 SIF measurements without introducing 
a large degree of bias (Frankenberg, O'Dell, et al., 2014; Guanter et al., 2014; Sun et al., 2018; 
Sun et al., 2017). In this context, the results of this study can be a first step to understanding the 
spatial and temporal variability of the gridding of OCO-2 SIF data in the tropics. Due to the 
consistency of the small spatial scale, these methods were able to clearly delineate environmental 
variables, such as VPD. In future studies, it will be necessary to evaluate these environmental 
variables, as well as incoming PAR and precipitation, as they relate to SIF measurements on an 
ecosystem scale.  
At the phenoregion level, the results show that SIF across regions are largely cyclical, 
except in the Amazon, which has the least amount of variability in SIF metrics and 
environmental variables. With the methods employed in this study, environmental variables in 
the phenoregions can be examined closely and future studies should include statistical analysis of 
these variables. SIFdcf was proven to capture some different interannual variability for the 
Amazon phenoregions versus the non-Amazon regions. However, sampling OCO-2 on monthly 
means did not reveal more than the intuitive conclusion that the Amazon regions have a higher 
and less variable between and within seasons than overall photosynthetic activity rate than the 
other regions of South America, and the variability of this photosynthetic activity is too small to 
be captured with these methods. There was some evidence in this study for different degrees of 
variability among the Amazon phenoregions using the proportion of maximum time series. From 
this information, a change in SIFdcf that would lie outside the uncertainty could not be found 
when comparing the three wet and dry seasons of available OCO-2 SIF data.  
It is remarkable that SIFdcf in the Cardoso reaches much higher values than the Amazon, 
and is more variable between and within years and seasons, despite the match in EBF landcover. 
This point to the primary SIF cycle driver being APAR, while secondarily affected by other 
environmental variables. Calculating SIFy and further analysis, such as a principal component 
analysis, would better constrain the drivers of SIFdcf. SIF is influenced by environment (climate, 
physical location, incoming PAR) and by vegetation. It is yet unknown to what degree the 
physical attributes of a vegetation canopy, the environmental variables, or the physiological 
functioning of vegetation influences SIF measurements and at what scale these influences may 
drift up or down on the list of drivers. The Cardoso and Amazon phenoregions are all over 93% 
EBF, yet the SIFdcf information from the Cardoso shows its interannual variability and 
photosynthetic activity level much closer to the non-Amazon phenoregions. If mining down to 
ecosystem services and vegetation functioning and SIF-GPP relationships is an important goal, a 
normalization to calculate SIFyield is needed in order to distinguish SIF of different vegetation 
types, from local to biome scales. Also needed is further statistical evaluation and sensitivity 
analysis of the drivers of satellite-based SIF for the vegetation classes of interest from OCO-2.  
The time series of SIFdcf for all phenoregions show relative changes likely attributable to 
spatial homogeneity of the environment (climate and incoming photosynthetically active 
radiation), yet the size of the phenoregion does not contain enough samples of single vegetation 
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classes to allow comparisons of SIF by vegetation class within a phenoregion. Therefore 
additional data is needed to validate and better constrain satellite-based SIF measurements at 
these regional scales. Selection and analysis of this phenoregion size is comparable to the 
suggested spatial scale of individual grid sizes found in the literature (Frankenberg, Eldering, et 
al., 2014; Frankenberg, O'Dell, et al., 2014; Guanter et al., 2014; Sun et al., 2018; Sun et al., 
2017). The results of this study can be employed along with existing field and UAV data to assist 
with validation in future work.  
5.5 Conclusions and future work 
 
Overall the phenoregions outside the Amazon showed an identifiable cycle. If the time 
series are examined across all biomes, evidence shows the Amazon has a consistently higher 
photosynthetic functioning rate as expected, but the other biomes are clearly active and, at times, 
exceed SIF values of the Amazon. These results support continued emphasis on all vegetated 
regions of Brazil as important contributors to the carbon budget. 
As part of the ongoing work prompted by this study, both field and unmanned aerial 
vehicle data have been collected to increase the dataset size and provide truthing information for 
OCO-2 SIF measurements in three phenoregions. With improvements such as these, the sought 
after empirical SIF-GPP relationship can be developed for tropical vegetation classes, which is a 
critical next step to developing SIF as a carbon flux monitoring tool (Frankenberg et al., 2011; 
Frankenberg, O'Dell, et al., 2014; Guanter et al., 2014; P. Köhler et al., 2015; Sun et al., 2018; 
Verma et al., 2017; Zhang et al., 2014; Zhang, Guanter, Berry, van der Tol, & Joiner, 2016).   
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6 SATELLITE-BASED MEASUREMENT OF TROPICAL FOREST 
PHOTOSYNTHESIS AND SEASONALITY 
6.1 Introduction 
Tropical forests play a globally significant role in Earth’s carbon budget due to their 
hyper-diversity, carbon storage and carbon cycling capacity, thus their vulnerability is of 
particular concern under the threat of climate change (Lewis, 2006; O. L. Phillips et al., 2009; S. 
J. Wright, 2010; S. J.  Wright, Muller-Landau, & Schipper, 2009). Brazil contains the worlds 
largest area of tropical forest and the highest carbon stocks, thus an important focus of studies 
trying to understand carbon fluxes and climate change (Giulietti, Harley, De Queiroz, & Van 
Den Berg, 2005; Laurance et al., 2012; Lee et al., 2013; Lewis, 2006; Moreira de Araújo, 
Ferreira, & Arantes, 2012; Putz et al., 2014; S. J.  Wright et al., 2009; Zhao, Running, Heinsch, 
& Nemani, 2010).  GPP represents the gross rate of carbon fixed by the forest during 
photosynthesis and the rate changes distinctly daily to seasonally and is dependent on species, 
environment and meteorology. Despite the complexities, it is critical to improve and expand 
methods to understand GPP, the relative rates of photosynthesis, and climate flux in tropical 
forests, especially under varying conditions and the contrasts of the wet and dry seasons. Eddy 
covariance (EC) flux system measurements from towers over tropical forests are the predominate 
methods used to estimate tropical forest GPP, however, these estimates may not be 
representative of GPP in a larger sense due to sparse distribution of tower sites in the tropics and 
current necessary assumptions required to get estimates of GPP from the EC system (Clark et al., 
2017). Remote sensing techniques promise to fill these gaps because of they can measure 
properties related to plant productivity continuously over space and time. However, current 
metrics, such as enhanced vegetation index (EVI) perform poorly for tropical regions, 
particularly for tropical forests (Zarco-Tejada, Morales, Testi, & Villalobos, 2013). Tropical 
forest greenness does not diminish significantly, so VIs do not record much change, i.e. they 
saturate.  
SIF measurements from field, unmanned aerial vehicle (UAV), and satellite platforms 
have been shown to be predictive of GPP and photosynthetic activity, have yielded clues to 
meteorological and environmental drivers of photosynthetic activity, and have the potential to 
disentangle underlying GPP parameters, such as the light use efficiency (LUE) for tropical 
forests, which are first steps to establishing links for improved climate flux synthesis (Damm et 
al., 2010; Frankenberg, O'Dell, et al., 2014; Guanter et al., 2012; Guanter et al., 2014; Porcar-
Castell et al., 2014; Zarco-Tejada et al., 2013). Satellite-based SIF measurements have been 
empirically linked to GPP for crops and deciduous forests in temperate zones and have shown 
sensitivity to different vegetation classes in North America and Europe, furthering the promise of 
high-resolution ecosystem dynamics studies to capture relative productivity estimates among 
vegetation classes (Frankenberg et al., 2011; Guanter et al., 2012; Guanter et al., 2013; Guanter 
et al., 2014; Sun et al., 2018; Sun et al., 2017; Verma et al., 2017; Wagle, Zhang, Jin, & Xiao, 
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2015). These studies have utilized the IGBP classification system (International Geosphere-
Biosphere Programme, IGBP) and other satellite-based SIF measurements in order to establish 
empirical links between SIF and GPP, whose slopes are vegetation class specific (Guanter et al., 
2014; Migliavacca et al., 2017; Verma et al., 2017; Wagle, Zhang, Jin, & Xiao, 2016; Walther et 
al., 2015; X. Yang et al., 2015).  
In South America, only satellite-based SIF measurements of the Amazonian tropical 
forest have been studied (Köhler, Guanter, Kobayashi, Walther, & Yang, 2017; Xu et al., 2015; 
J. Yang et al., 2018). Amazonian droughts are already identified as influences on short and long-
term trends in carbon fluxes, tree mortality, and canopy greenness (Hilker et al., 2015; Jones, 
Kimball, & Nemani, 2014; Lewis, Brando, Phillips, van der Heijden, & Nepstad, 2011; Li, Xiao, 
& He, 2018; Liu et al., 2017; O. L. Phillips et al., 2009; Xu et al., 2015; J. Yang et al., 2018; 
Zhao et al., 2010).  J. Yang et al. (2018) recently connected a severe drought in the Amazon to 
the 2015-2016 La Niña event and further attributed an apparent decrease in SIF across the South 
American Amazon to the event. However, the manner in which they utilized SIF measurements 
from the Global Ozone Monitoring Experiment-2 (GOME-2) have come under scrutiny (Zhang, 
Joiner, Gentine, & Zhou, 2018). Although those measurements of SIF may not have correctly 
captured a decrease in photosynthetic activity over the Amazon, their identification of the 
drought and measurement of its severity are not in question. Liu et al. (2017) found the response 
of carbon fluxes over tropical South America measured with OCO-2 (Column Averaged Carbon 
Retrievals) were exceptional during this La Niña event. Thus it would be reasonable to employ 
SIF measurements from OCO-2 to detect the changes in photosynthetic activity during the 2015-
2016 La Niña event in South America. To date, no studies have investigated how SIF from 
OCO-2 might capture photosynthetic responses to the La Niña event in South America. 
Additionally, no studies have been conducted to examine photosynthetic activity of evergreen 
broadleaf forests (EBF) outside the Amazon or compare SIF of EBF to other vegetation classes 
in the tropics.  
The aim of this study is to examine photosynthetic functioning of evergreen broadleaf 
forests (EBF) in Brazil within morphoclimatic and phytogeographical regions (biomes) to better 
understand the dynamics of photosynthesis and GPP tropical forests for the entire country. 
     More specifically, we asked: 
1. What is the interannual variability of EBF photosynthetic activity within and across 
biomes of Brazil? 
2.  Is photosynthetic activity of EBF exceeding other vegetation classes? 
3. Is there a decrease in photosynthetic activity of EBF in Brazil as a result of the 2015-
2016 La Niña event? 
4. Does photosynthetic activity of vegetation classes yield clues about seasonality of 
evergreen broadleaf forests in tropical biomes? 
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6.2 Methods 
6.2.1 Brazilian biomes  
Biomes are generally defined as regions sharing similar climate, geography, flora, and 
fauna and are widely referred to by the dominating vegetation of the region (Salazar, Nobre, & 
Oyama, 2007). In this study, biome refers to the six main biomes of Brazil as defined by the 
Ministério do Meio Ambiente as regions sharing morphoclimatic and phytogeographical 
characteristics (MMA,(Ambiente, 2017)): Amazon, Caatinga, Cerrado, Pampa, Pantanal, and 
Atlantic Forest. Figure 30 shows the Brazilian biome limits utilized in this study. These biomes 
are used as a large spatial scale delineator of the high resolution satellite-based SIF 
measurements whole country of Brazil, which covers an area of about 850 million ha (Nogueira, 
Rambal, Barbosa, & Mouillot, 2017).   
The Amazon is the largest biome (about 50-60% of all Brazil) with a humid tropical 
climate, low seasonal temperature variability, approximately 1000-2000 mm of annual 
precipitation, contains approximately half the world’s tropical rainforest, and is critical in terms 
of biodiversity and the global carbon balance (Hilker et al., 2015; O. L. a. A. Phillips, Luiz EOC 
and Lewis, Simon L and Fisher, Joshua B and Lloyd, Jon and López-González, Gabriela and 
Malhi, Yadvinder and Monteagudo, Abel and Peacock, Julie and Quesada, Carlos A, 2009; 
Yadvinder Malhi, 2008).  The Pantanal is one of the largest wetlands in the world (160,000 km2) 
with a dynamic yearly flooding regime and is a UNESCO World Heritage site containing 
tropical wetlands with arid tropical species alongside (Assine, Corradini, Pupim, & McGlue, 
2014; Costa, Telmer, Evans, Almeida, & Diakun, 2015; Junk et al., 2006). The Pantanal contains 
a unique hydrologic structure of seasonal inundation, alternating patterns of salt and freshwater 
lakes (bahias and salinas), and the highest species diversity and concentration of wildlife in the 
world, yet it makes up only about 2% of the area of Brazil (Assine et al., 2014; Furquim, 
Graham, Barbiero, Queiroz Neto, & Vidal-Torrado, 2010; Hellman, 2005; Junk et al., 2006; Paz, 
Collischonn, Tucci, & Padovani, 2011; Zani, Assine, & McGlue, 2012). The Cerrado biome is 
second in area to the Amazon (about 22-25%), with about 1200-1800 mm of precipitation, it 
experiences seasonal periods of wet followed by dry climate, and has a great diversity of 
savanna, woody savanna, dry grasslands, wet grasses, and tropical forest types, often heavily 
fragmented for agriculture (Alvarado, Fornazari, Cóstola, Morellato, & Silva, 2017; Arantes, 
Ferreira, & Coe, 2016; Beuchle et al., 2015; Grecchi, Gwyn, Bénié, Formaggio, & Fahl, 2014; 
Reynolds, Wesson, Desbiez, Ochoa-Quintero, & Leimgruber, 2016). Despite often being referred 
to as a desert, the Caatinga is a semi-arid region, making up about 10% of the country, has only 
about 700 mm of rainfall per year and the dominant vegetation is woody shrub land and savanna 
with xerophytic species abundant (Beuchle et al., 2015; Guilherme de Oliveira 2012; Nogueira et 
al., 2017).  The Caatinga does not contain any area with tropical forest according to the methods 
here. Thus, any analysis of the vegetation in the Caatinga appears in Supplementary Materials. 
The Atlantic Forest biome covers a wide longitudinal area and has been heavily fragmented to 
only about 12% of the tropical forest remaining after once having about 150 million ha of 
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rainforest (Putz et al., 2014; Ribeiro, Metzger, Martensen, Ponzoni, & Hirota, 2009). The 
Atlantic Forest makes up about 13% of the country and much of this is along the Atlantic coast 
having vegetation ranging from deciduous and tropical forest to mangroves and vast managed 
forestry plantations, other agriculture, and urban areas (Dupas, 2000; Keuroghlian & Eaton, 
2008; Marcelo Tabarelli, 1999; Putz et al., 2014; Ribeiro et al., 2009). The Pampa is the 
southernmost border biome, occupies approximately 2% of Brazil, and has a transition from 
tropical to temperate climate, thus having four seasons, supporting grasslands and deciduous 
forest, and a large amount of agricultural development (Overbeck et al., 2007; Roesch et al., 
2009). 
 
 
Figure 37. Map of Brazil, Brazilian biome limits, and phenoregions for the study. 
6.2.2 OCO-2 based SIF measurements 
A description of the OCO-2 instrument and data products can be found in Chapter 5. 
Methods from chapter 5 were followed to get SIFinst and SIFdcf. Brazil OCO-2 SIF 
footprints lying within one of six biomes were extracted by determining their intersection with a 
shapefile of Brazilian biomes from Ministério do Meio Ambiente  (MMA, 
http://mapas.mma.gov.br/i3geo/datadownload.htm (Ambiente, 2017))(Figure 30).   
In order to examine the spatiotemporal variability of photosynthetic activity of vegetation 
classes at the biome level, OCO-2 SIF measurements for each biome were extracted by IGBP 
vegetation class. Subsequently, time series of monthly mean SIFinst, SIFdcf, VPD, SH, Tskin, and 
T2m  were generated. The classes were not aggregated, as the spatiotemporal variability of 
satellite-based SIF measurements of individual vegetation classes is not yet known. Table 6 
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provides a list of the IGBP class abbreviations and descriptions used in this study. IGBP classes 
fall into four general categories often used for aggregating data: Forest Classes, Shrub Classes, 
Savanna/Grass Classes, and Crop classes. All single vegetation classes were examined in this 
study. Time series of all single vegetation classes are included in Supplementary Materials. The 
single IGBP EBF, OSHR, SAV classes were selected for closest examination and reported in the 
results because they represent the dominant vegetation classes in Brazil in each of the first three 
categories. In the fourth category, the CRP class was chosen over the more dominant CNVM 
class for two reasons. First, crops are an important consideration in climate studies, especially in 
terms of contribution to GPP and carbon fluxes because they are human-altered landscapes and 
an important contrast to natural vegetation. Second, CNVM is a mixture of other vegetation 
classes by definition and, as such, adds an additional complexity to evaluation than CRP (Table 
6). Time series of biome level spatiotemporal patterns of SIF for each IGBP vegetation class, SIF 
for each group of IGBP vegetation classes, and SIF across the groups were compared. If a 
vegetation class averaged less than four measurements per month (n<144 for all 36 months), a 
time series was not generated. EBF, OSHR, SAV, and CRP time series are plotted with the “all 
vegetation” aggregate time series for reference. For EBF, OSHR, SAV, and CRP class time 
series and for the single class time series evaluation, the resulting time series are plotted in four 
separate panels representing each of the four general categories. 
To identify signs of biome-level seasonality of vegetation classes using SIF 
measurements, wet and dry season time series of monthly mean SIFinst and SIFdcf for single 
vegetation types were plotted for the three years. EBF, OSHR, SAV, and CRP are shown in the 
results and SIF of each vegetation class is shown Supplementary Materials. The maximum and 
minimum SIF values and month in which they occurred were examined for patterns of 
photosynthetic activity related to seasonal changes. An overview of these methods is shown in 
Figure 32. 
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Table 6. IGBP classification and descriptions. 
 
 
 
Figure 38. Methods overview. Flowchart depicting main steps and approaches in this study. 
6.3 Results 
6.3.1 Interannual variability of photosynthesis at biome scale 
 Figure 39, Figure 40, and Figure 41 show time series of SIFdcf for each biome by 
vegetation class: EBF in the top row, OSHR in the second row, SAV in the third row, and CRP 
in the fourth row. In Figure 58 through Figure 63, column 3, row 1, in Supplementary Material, 
the DCF*2 and Cos(SZA) time series are shown. It is recommended the DCF be applied to each 
SIF measurement from OCO-2 for comparisons within and across biomes because it can change 
the shape of the SIF seasonal cycle by reducing the impact of varying incident solar radiation 
(Frankenberg et al., 2011; Köhler et al., 2017; Sun et al., 2018). Although the DCF has only a 
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weak seasonal variability in the tropics compared to higher latitudes, it is has not been tested 
within the latitude range prior to this study (Sun et al., 2018). The use of DCF within and across 
biomes for each vegetation class did not change the shape of the SIF curves and resulting SIFdcf 
patterns are nearly indistinguishable from SIFinst for this study. However, SIFdcf represents a 
daily average SIF value normalizing for time and solar geometry for each measurement making 
it more reasonable to compare across larger spatial scales and across biomes, thus was utilized 
here (Köhler et al., 2017; Sun et al., 2018; Sun et al., 2017; Wood et al., 2017).  
As seen in Figure 39, SIFdcf of EBF, OSHR, SAV, and CRP classes in the Amazon have 
different interannual variability, but a large degree of uncertainty. SIFdcf in OSHR and SAV 
classes in the Amazon are noisy and uncertainty is large, but trend enough together to warrant 
further investigation. Across biomes, EBF SIFdcf trends were not similar, and the range of SIFdcf 
values for EBF was less in the Amazon than other biomes (Figure 39, Figure 40 and Figure 41, 
row 1). The degree of variability of EBF in the Amazon is significantly lower than the variability 
of other classes in the Amazon as well as EBF or any other class in any other biome. SIFdcf of 
EBF in the Amazon only decreases to a factor of 0.6 for the entire study period (Supplementary 
Material, Figure 58), while the range of SIFdcf for EBF in other biomes exceeds this by a large 
margin. Overall , the uncertainty is too high to conclude that the EBF classes in each biome have 
a higher rate of photosynthetic activity than the other classes. SIFdcf of CRP for the Amazon, 
Cerrado, and Atlantic Forest biomes is the only class where the trend shows much variability 
outside the uncertainty, which is due to cropping cycles that leave the areas alternately vegetated 
and barren (Figure 39, Figure 40 column 2, and Figure 41 column 1, row 4). 
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Figure 39. SIFdcf time series of the Amazon biomes for the four main classes: EBF (row 1), OSHR 
(row2), SAV (row 3), and CRP (row 4).  
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Figure 40. SIFdcf time series of the Pantanal (column 1) and Cerrado biomes for the four main classes: 
EBF (row 1), OSHR (row2), SAV (row 3), and CRP (row 4). Classes not represented had few OCO-2 SIF 
measurements for that class in that biome (n<4/month average). 
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Figure 41. SIFdcf time series of the Atlantic Forest (column 1) and Pampa (column 2) biomes for the four 
main classes: EBF (row 1), OSHR (row2), SAV (row 3), and CRP (row 4). Each panel contains a plot of 
aggregated all vegetation classes for reference. Classes not represented had few OCO-2 SIF 
measurements for that class in that biome (n<4/month average). 
For all biomes and vegetation classes, SIFdcf has large uncertainties relative to the range 
of measurements making confident separation of trends in SIF difficult with these methods.  
OSHR, SAV and CRP classes all showed some similar trends in SIFdcf across biomes 
indicating some common relative trends in photosynthetic activity by vegetation type. Especially 
notable are the similar CRP cycles, which were expected to appear in each biome, but not 
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necessarily expected to match so closely across biomes due to varying crops and planting cycles. 
Examination of SIF time series of single vegetation classes other than EBF, OSHR, SAV, and 
CRP again confirmed the large uncertainty of SIFinst and SIFdcf. Figure 58 through Figure 63 in 
the Supplementary Material, Section 8.4.1, shows these biome-level time series of SIFinst, scaled 
SIFinst, and environmental variables for each biome. Contrasting trends can be identified in some 
instances, such as EBF and DBF classes in the Amazon and Cerrado and CRP versus other 
classes across all biomes having sufficient DBF and EBF classified areas. The cycle of leaf 
generation for deciduous classes is captured, however, the degree of uncertainty makes it 
difficult to separate SIFinst of the forest classes. OSHR and CSHR, as well as WSAV, SAV, and 
GRA classes were noisier than the forested classes in most cases. However, evidence suggests 
that aggregating these classes as in previous studies without further analysis may complicate 
results because there are differences in the interannual variability. For instance, GRA, WSAV 
and SAV show much more similarity in the Cerrado, Atlantic Forest and Pampa than in the 
Caatinga, where GRA has a different behavior than WSAV and SAV (Figure 61). As shown 
above in Figure 39 and Figure 40, CRP classes show signals of crop and harvest in the Amazon, 
Cerrado, and Atlantic Forest biomes. Warranting further investigation in addition to CRP, are the 
CNVM time series in the Atlantic Forest, Cerrado, and Amazon, where the signals could indicate 
crop cycles and/or deciduous vegetation (Figure 58Figure 60Figure 62, columns 1 and 2, row 4). 
When the SIFinst time series were scaled, presented as a proportion of the maximum value, this 
highlights the small range of SIFinst (and SIFdcf, not shown) values for EBF compared to its’ 
other vegetation classes in the Amazon. EBF in the Amazon only reaches 0.6 of its maximum 
value for the time series, which every other class decreases to 0.2 or more for the time period.).  
 Time series of environmental variables VPD, Tskin, T2m, and SH contained in the OCO-2 
dataset are also shown third columns of the figures in Supplementary Mareials in Figure 58 
through Figure 63. The variables are related, thus the nature of the trends within biomes is 
expected and discussed here in terms of VPD, which is the gradient of vapor pressure between 
the leaf and air and is used to relate to stomatal activity as well as SIF and GPP (Xu et al., 2015). 
Across biomes, the contrast in VPD is notable and expected and higher VPD could explain some 
of the higher degree of variability outside the Amazon biomes. The variability in these 
environmental variables is much less in the Amazon (1-3 kPa) than the other biomes, while the 
Caatinga ranges from 0.4-6 kPa. Amazon, Cerrado, Caatinga, and the Pampa all have a 
maximum VPD in late 2015, which likely corresponds to drought conditions experienced 
throughout the country (Li et al., 2018; Liu et al., 2017; J. Yang et al., 2018). 
 
6.3.2 Response of tropical forest photosynthesis to the 2015-2016 La Niña event 
In order to test each biome for a photosynthetic response to the 2-15-2016 La Niña event, 
anomalies of SIFdcf compared to the three-year mean were plotted and are shown in Figure 42. 
Although there is a short history of OCO-2 SIF observations, previous studies have proposed that 
a decline in SIF in response to this event was detectible in the Amazon, an area greater than the 
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Brazilian Amazon, to which our results are restricted (J. Yang et al., 2018). As seen in each panel 
of Figure 42, no increase or decrease was detected, especially given the range of uncertainty of 
the measurements. As with the previous section, it is most notable that so little information can 
be concluded from these methods regarding EBF photosynthetic activity. 
 
Figure 42. Anomalies of SIFdcf for EBF over the three year study period to examine seasonality of the 
biomes. a) Amazon b) Cerrado c) Pampa d) Pantanal e) Atlantic Forest (Caatinga not shown, not EBF 
data). 
 
6.3.3 Seasonality of tropical forest photosynthesis 
 
Two types of outcomes that may indicate seasonality were examined.  First, a pattern of 
maximum and minimum SIF repeated for a particular month or closely related months to show a 
steady repeatable cycle might yield information on photosynthetic activity correlating with 
seasonality of vegetation.  Second, anomalous behavior in a time frame coinciding with 
particular events, such as a known drought event or ENSO event might be evidence of reduced 
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or increased GPP during the event. SIFdcf of EBF in the Amazon has the least variability among 
the biomes. While there is more contrast in wet and dry season SIFdcf in the Cerrado EBF, the 
uncertainty makes identifying seasonal changes impossible. The Pampa has a more variable 
seasonal change in environment compared to the other biomes in Brazil and the variability in the 
SIFdcf signal may reflect that variation, however, EBF is not a dominant vegetation class in the 
Pampa, only about 25%. Low numbers of footprints combined with some clouds, limited the 
number of EBF SIFdcf measurements in the Pampa, as well as the Pantanal and Atlantic Forest, 
which limits the conclusions that can be drawn from the data (Figure 43 c,d,e).  
 
Figure 43. Comparison of wet and dry season SIFdcf of EBF for the three-year study period to 
examine seasonality of the biomes. a) Amazon b) Cerrado c) Pampa d) Pantanal e) Atlantic Forest 
(Caatinga not shown, not EBF data). 
6.4 Discussion 
At the biome-level, the uncertainty of the satellite-based SIF signals hampered 
distinguishing photosynthetic functioning of individual vegetation classes. However, some of the 
largest amplitude signals, for example from deciduous classes or cropping cycles, were detectible 
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and indicate that further statistical analysis of the time series, an analysis of environmental 
drivers, and an attempt to better understand the large uncertainty will improve the results in 
ongoing work. Additionally, this study provides evidence that single vegetation classes, such as 
GRA and SAV and OSHR, should not be aggregated without better understanding their 
individual SIF signal and doing so could lead to misinterpretation of results. Transitions or 
identification of maximum and minimum SIF for wet and dry seasons were not identifiable at the 
biome level using these methods. Additionally, it was anticipated that satellite-based SIF from 
OCO-2 might capture a change in photosynthetic functioning in Brazil due to a strong ENSO 
event in 2016.  Recent studies have shown there was a severe hydrological and meteorological 
drought in 2015-2016 in the Amazon in linked to the La Niña event (Liu et al., 2017; Zhang et 
al., 2018). It was expected that EBF SIFinst in this study may indicate a photosynthetic response 
to the drought. Despite large uncertainty in the measurements, SIFdcf is lower most months in the 
2015-2016 wet season  in the Amazon, Pantanal, and Cerrado biomes, where the largest effect 
was predicted in literature. To reduce the level of uncertainty and improve confidence in these 
results in upcoming studies, the OCO-2 data should be gridded to monthly mean values on a 
1ox1o scale and used to compare to validation or other data products on a regional scale between 
the biome-level and phenoregion level in this study. Gridding OCO-2 SIF data at the 1ox1o scale 
has been shown to introduce only small biases and provides a better picture of ecosystem-level 
vegetation functioning (Frankenberg, Eldering, Joiner, Guanter, & Berry, 2014; Frankenberg, 
O'Dell, et al., 2014; Guanter et al., 2014; Liu et al., 2017; Sun et al., 2017). Analysis of the 
vegetation cover for the gridded product at the regional scale will be necessary to compare SIF of 
different vegetation classes and connect to GPP estimates for analyses of ecosystem-specific 
carbon fluxes.  
While evidence from previous studies support SIF and GPP as better indicators of 
seasonality or anomalous events in the tropics, the use of an entire biome for just three wet and 
dry seasons is not sufficient to distinguish seasonality of vegetation classes without additional 
statistical analysis and/or data. These results suggest that utilizing the biome level (as defined by 
the morphoclimatic and phytogeographic regions in Brazil used in this study) is likely too large 
and heterogeneous to extract the information for photosynthetic activity or seasonality of single 
vegetation classes. We propose that closer examination of the SIF measurements from OCO-2 by 
gridding the measurements and evaluating them spatially would improve correlation with 
vegetation classes and enable correlation with vegetation specific GPP.  Additionally, an 
evaluation of the IGBP landcover classification system utilized is needed because these results 
show the IGBP system is too coarse or inaccurate to support these methods.  
6.5 Conclusions and future work 
In this investigation, a unique satellite-based dataset was generated and initial analysis 
performed at the biome level. With these methods, results showed that satellite-based SIF 
measurements can capture the larger variations in photosynthetic activity at the biome scale 
linked to SIF and GPP, such as those due to deciduous cover or cropping cycles. However, it was 
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expected that a contrast between SIF for vegetation classes within and across biomes for 
satellite-based measurements of SIF would have been more distinct considering the high 
resolution of the OCO-2 instrument. In order to exploit OCO-2 SIF in the tropics, more studies 
of vegetation specific measurements along with validation data and comparisons with other data 
products measuring GPP and environmental variables is needed.  
It has been shown in previous studies that there is a sufficient number of OCO-2 
soundings to generate gridded regional monthly averages at 1ox1o with very small biases 
(Frankenberg, O'Dell, et al., 2014; Guanter et al., 2014; Sun et al., 2018; Sun et al., 2017). 
Creating a gridded monthly product would improve biome scale analysis of OCO-2 SIF data and 
allow more robust comparisons with validation data, environmental variable measurements, and 
other remote sensing products at tower, UAV, and satellite levels. A gridded product would also 
allow the application of more rigorous statistical analysis spatially and temporally. 
The lack of contrast in SIF among different vegetation classes or over the wet to dry 
seasons and the degree of uncertainty are a result that warrants further investigation in four areas: 
(1) Through further statistical analysis, employing methods such as bootstrapping, it is 
anticipated that the uncertainty and variability of vegetation class-specific SIF can be enhanced 
and vegetation specific SIF and GPP estimates might be improved.  (2) Further time series 
analysis is needed to fully exploit the time series data in this study to identify trends related to 
seasonality or SIF response of vegetation to stress. (3) Ongoing work applying multiple 
regression techniques should be carried out to analyze the relationships among the environmental 
variables and SIF in this study. (4) Preliminary results show that there is a large degree of 
heterogeneity within OCO-2 footprints. Use of the IGBP classification system does not capture 
this within-footprint heterogeneity, thus the coarse resolution affects these results.  Future studies 
must also include an analysis of the accuracy and resolution of the landcover classification, 
exclude non-homogenous pixels under the IGBP classification system, or replace the 
classification system with higher resolution classification information.  
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7 SYNTHESIS 
7.1 Overview 
Measuring gross primary production (GPP) reliably from regional to global scales is 
essential in understanding ecosystem vegetation functioning and applicable to ecological 
research areas, such as biosphere-atmosphere feedbacks under climate change, forest health, 
habitat degradation, agriculture, and vegetation responses to drought. Yet measuring GPP at 
regional to global scales remains problematic (Sun et al., 2018). The solar-induced fluorescence 
(SIF) signal from vegetation is representative of the sum of physiological functioning of 
vegetation in response to its environment in near real time. The environmental inputs, functions, 
responses, and the signal itself are complex, but our increasing understanding of SIF 
measurements at multiple scales promises to unravel the salient factors of the SIF-GPP 
relationship in order to achieve the critical link between concurrent LUE of CO2 assimilation and 
SIF based on vegetation type and environmental conditions Achieving the objective of 
quantifying relationships, empirically or otherwise, for specific vegetation and regions of the 
globe is a lofty goal requiring innovative and interdisciplinary research. Effectively designed 
remote sensing studies across multiple temporal and spatial scales offer to elucidate these 
relationships bringing photosynthesis research into a new era.  
7.2 Context of this research 
Along with understanding the quantity to be measured and established techniques to 
measure it, the viability of research depends on a proper understanding of instrumentation used 
to measure the desired quantity. In chapter 2, we closely examined the plant level functioning of 
F and analyzed methods to capture F and relative levels of F under know stress conditions. The 
purpose was not to establish the stress response of tomato plants to photosynthetic shutdown, 
rather to utilize known response of a plant to photosynthetic inhibition to illustrate the ability of a 
relatively simple experimental setup to capture the dynamics of F. While Plant-level 
photosynthesis research goes back decades, these traditional techniques do not allow effective 
comparisons of photosynthetic functioning for different species or across heterogeneous targets 
and it remains challenging to upscale results. This long history of research has mapped the 
photosynthetic process thoroughly but leaves questions regarding the LUE of specific plants or 
plant types (i.e. C3, C4, CAM) as well as carbon exchange at larger scales. In chapter 3, we 
present results of measurements of SIF metrics and APAR in both natural and actinic 
illumination conditions. This research brings us a step closer to establishing SIFy, a 
normalization of SIF, as a more absolute measurement of plant functioning capable of 
comparisons across species or vegetation types. In order to achieve the elusive measurement of 
vegetation-specific LUE, continued work with more controlled environments is necessary.  
At landscape scale, photosynthetic functioning of forests provides ecosystem services 
essential for wildlife and human wellbeing and it has been shown that a specific empirical SIF-
GPP relationship exists for temperate forests (Damm et al., 2015). Satellite based SIF 
measurements from OCO-2 are emerging high quality and high-resolution measurements to 
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serve as a GPP proxy. Eventually, uses of satellite-based SIF measurements from OCO-2 will be 
used alongside the OCO-2 atmospheric column CO2 (XCO2) measurements as a tool to study 
terrestrial vegetation carbon fluxes. In chapter 4, we chose a temperate deciduous forest canopy 
during senescence in order to exploit a known change in photosynthetic activity to further our 
SIF measurement agenda. While our methods show some promise, especially consistent 
measurements of APAR across scales, we propose a longer and denser dataset might improve 
agreement between field-based and satellite based measurements of SIFy. 
Despite the complexities, it is critical to better understand GPP, relative rates of 
photosynthesis, and climate flux in tropical regions. Tropical forests are of vital importance to 
Earth’s carbon budget and misunderstandings of their seasonality and cyclical nature of carbon 
assimilation impact our ability to effectively predict feedbacks under climate change in the 
tropics, thus globally (Asner et al., 2012; Clark et al., 2017). Brazil contains a significant amount 
of the world’s tropical forest, much of it in the Amazon, thus research into satellite-based 
measurements of vegetation specific photosynthesis in the tropics is paramount (Köhler, 
Guanter, Kobayashi, Walther, & Yang, 2017). Eddy covariance (EC) flux system measurements 
from towers are the predominate methods used to estimate GPP at landscape scales, however, 
these estimates may not be representative of GPP in a larger sense due to sparse distribution of 
tower sites in the tropics and necessary assumptions required to get estimates of GPP from the 
EC system (Clark et al., 2017). OCO-2 SIF measurements promise to help fill these gaps because 
it makes regular high-resolution measurements of SIF globally. In chapters 5 and 6 we employ 
OCO-2 SIF measurements to analyze the interannual variability of photosynthesis in 
phenologically similar regional scale areas in Brazil. Our strategy to examine tropical forest 
photosynthesis began by extracting OCO-2 SIF measurements classified as evergreen broadleaf 
forest (EBF, and other classes for comparison) and delineating the biome in which they lie as 
outlined in chapter 6. The results prompt understanding uncertainty and the lack of contrast 
among regions and vegetation classes as a first steps to understanding the role of satellite-based 
SIF and best practices to answer specific ecological questions with satellite-based SIF data. 
7.3 Outlook 
In on-going and future work, available field and unmanned aerial vehicle (UAV) data 
will be utilized to improve our understanding of satellite-based SIF measurements. It is thought 
that further statistical analysis; appropriate gridding of OCO-2 SIF observations, and evaluation 
of the uncertainty in the measurements will enhance future results based on this work. Currently, 
measurements from other satellite-based platforms are being readied to test calculation of SIFy 
in the tropics and provide comparative data to better identify a SIF-GPP link for tropical forests. 
This as-yet identified empirical link is an important step to understand and monitor carbon fluxes 
of tropical forests in all tropical biomes.   
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8  APPENDICES
 
8.1 APPENDIX A 
8.1.1 Non-smoothed fluorescence spectra and daily average spectra 
Included in this section are the raw spectra plotted for each day of the experiment, as 
shown in Figure 44. Black lines indicate the individual non-smoothed spectra and the daily 
average non-smoothed spectrum are plotted in red. 
 
Figure 44. Non-smoothed fluorescence spectra of the tomato plant for each day of the experiment. The 
individual spectra are plotted in black and the daily average non-smoothed spectrum is in red. 
8.1.2 Instrument characterization 
Laboratory and field spectroscopy procedures and standards vary with the instrument 
utilized as well as the purpose of the measurements. In this research, the HH2, a handheld 
spectroradiometer, was employed to make proximal optical measurements of vegetation at 
multiple scales. Since instruments vary in design (e.g. non-imaging vs. imaging or multispectral 
versus hyperspectral) and performance (e.g. signal-to-noise ratio or field of view size/FOV, or 
response to position of observation/viewing geometry), it is critical to understand the instrument 
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in order to minimize uncertainty, fully realize its capabilities, and to standardize protocols for 
maximum repeatability.  When faint signals are desired, such as measurements of vegetation 
functioning in this research, proper characterization of the instrument is necessary for accurate 
retrieval of signals, appropriate estimation of the vegetation functioning measurements estimated 
(e.g. fluorescence), and standardizing measurement protocols to improve interpretation and 
comparison of results across spatiotemporal scales. 
The HH2 has manufacturer-supplied software to facilitate downloading processing, and 
analyzing data. After testing the instrument and software, it was decided that manipulation of the 
data would be more efficient if only the manufacturer’s HH2 Connect software were used for file 
transfer and our own software were written for data analysis. The files generated by the HH2 are 
in ASD binary file format. In place of the manufacturer’s software, programs and functions to 
complete further processing were written in Interactive Data Language (IDL). Table 7 cross-
references the quantity or quantities (column 1), a description of the quantities (column 2), units 
(column 3), the ASD name for the data from reference material and proprietary files (column 3) 
and the IDL data reference.  The equations and further are also included in this supplement.. 
 
Table 7. Table of corresponding values and filenames 
Variable 
This doc, 
f_sif paper 
Description Units ASD data name IDL data name 
asd_read.pro and 
others 
**x used as dummy 
variable name 
F↓ ,Ei Downwelling irradiance (Flux) W/m
2 /nm Various(E, ΔF, 
others ) 
 
Ié ,L Upwelling Radiance (Intensity) W/m2/nm/sr L  
E 
Figure 2 
Calibration data (intensity at each 
wavelength) for the light source 
used during the radiometric 
calibration 
W/m2 /nm Lamp, E, 
lmp19441.ill 
x.lamp_spec 
R 
Figures 
3,4,5 
Response of the instrument for that 
specific fore optic/"calibration file" 
for that particular fore optic: 1 
Degree, Bare Fiber/25 Degree, 
Remote Cosine Receptor (RCR) 
DN Response, 
Ni19441.raw=Bare 
FO 
1i19441.raw=1oFO 
cos19441.raw=RCR 
x.fiber_spec 
 Integration time of the fore optic 
during calibration: 1 Degree, Bare 
Fiber/25 Degree, Remote Cosine 
Receptor (RCR) 
sec Response IT or 
Gain 
x.cb03.cbit0 
T 
Figure 6 
The target or sample data taken by 
the user with the instrument 
DN Target 19441.asd x.spectrum 
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 Integration time of the 
measurement of the target or 
sample 
sec Target IT or Gain x.header.it 
ρ Reflectance none N/A Refl 
ρS 
Figure 1 
Calibration data (reflectance at each  
wavelength) for Spectralon panel used  
during radiometric calibration 
none Reflectance, ρ, 
bse19441.ref 
x.base_ref_spec 
ρA File associated with a calibrated 
Spectralon panel is the calibration 
data (reflectance at each 
wavelength) for that specific panel 
none abs19441.ref x.abs_ref_spec 
w File associated with the radiance of 
the Spectralon white reference 
panel. Used when the instrument is 
set to reflectance collection. 
Measured with instrument and 
stored within the same file as the 
target radiance data. 
W/m2/nm/sr  N/A x.white_ref_spectrum 
 
In general, upwelling Flux is found using 
 F↑ =
0
2π
∫ I ↑(θ ,φ)cosθ sinθ dθ dφ
0
π 2
∫  , (8.1) 
where F is flux, I is intensity, Θ is the zenith angle and Φ is the azimuth angle. If the surface of 
interest is isotropic, we can write intensity as a function of Θ and Φ and assume constant 
intensity, Ic, 
 I ↑(θ ,φ) = IC↑  . (8.2) 
Combining equation (8.1) and (8.2) and integrating, the resulting flux is 
 F↑ = I ↑π  . (8.3) 
Applying this relationship to the HH2 and the Spectralon reference panel, which is 
assumed to be a Lambertian surface we can say the flux is  
 F↑ = π ⋅ I ↑   (8.4) 
and  
 F↓ = 1
ρS
F↑ = π
ρS
I ↑  , (8.5) 
where ρS is the reflectance of the calibrated Spectralon panel used for radiometric calibration. 
It is desirable to write the relationships using the variable names assigned for the HH2 
instrument. The radiance recorded from a target can be written 
 I ↑ = ρs
E
π
⋅T
τ
⋅ τ RR   (8.6) 
 
where E is the intensity of the lamp standard used at calibration, T is the target spectrum, t is the 
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target integration time, t R is the integration time of the calibration of the foreoptic used, and R  is 
the response spectrum of the foreoptic used. 
The same general equations may be used to obtain relationships for other measurements 
needed from the instrument. Applying equation (8.6) to calculate the irradiance from a target 
yields 
  F↑ = Eρs
T
τ
⋅ τ RR   (8.7) 
 
and the downwelling flux is 
 F↓ = E ⋅T
τ
⋅ τ RR  . (8.8) 
Reflectance (ρ) is defined as the ratio of the energy leaving a sample to the energy 
incident on the sample. This quantity can be derived using radiance measurements, irradiance 
measurements, or with the HH2 set to specifically take reflectance measurements. If relative 
reflectance is desired and the radiance setting is chosen at the time of collection, the target and 
white reference spectrum measured in the same session can be utilized to find reflectance as 
noted in Equation (8.9) with the subscript S referring to the Spectralon Panel and subscript T 
referring to the target 
 ρ =
TT
Ts
 . (8.9) 
Similarly, a second option to generate ρ from a target is available by setting the 
instrument to reflectance upon collection. In this case, no calibration data is stored within the 
ASD file. Instead the user collects a white reference measurement, which is stored within the 
file, and the ratio of the target spectrum to the white reference is the reflectance as follows: 
 ρ = Tw  . (8.10) 
Figure 45 through Figure 49 each provide a physical diagram to illustrate the process 
utilized in calibration to generate the ASD data. The corresponding IDL names are included, 
along with the spectra of the calibration data. The spectral plots and figures were adapted from 
the ASD HH2 users guides (ASDInc., 2010, 2012). 
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Figure 45. Diagram of base reflectance spectrum data collection (adapted from the ASD HH2 users 
guides (ASDInc., 2010, 2012)). 
 
 
Figure 46. Diagram of calibrated lamp spectrum data collection(adapted from the ASD HH2 users 
guides (ASDInc., 2010, 2012)). 
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Figure 47. Diagram of bare fiber calibration response collection (adapted from the ASD HH2 users 
guides (ASDInc., 2010, 2012)). 
 
 
Figure 48. Diagram of 1 degree fiber optic calibration spectrum collection adapted from the ASD HH2 
users guides (ASDInc., 2010, 2012)). 
 
  137 
 
Figure 49. Diagram of RCR fore optic calibration spectrum collection(adapted from the ASD HH2 
users guides (ASDInc., 2010, 2012)). 
 
Figure 50. Diagram of target spectrum collection of a vegetation sample (adapted from the ASD HH2 
users guides (ASDInc., 2010, 2012)). 
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Functions were written in IDL to calculate quantities from Equations (8.6) through (8.10)
. The equations and corresponding IDL data names are presented below. 
 
To calculate radiance from a target (rad.pro) (Equation(8.6)): 
I ↑ = ρs
E
π
⋅T
τ
⋅ τ RR  
rad=(x.base_ref_spec*x.lamp_spec*x.spectrum*x.cb03.cbit0)$ 
      /(!dpi*x.fiber_spec*x.header.it) 
 
 
To calculate upwelling irradiance from a target (rad.pro) (Equation(8.7)): 
F↑ = Eρs
T
τ
⋅ τ RR  
rad=(x.base_ref_spec*x.lamp_spec*x.spectrum*x.cb03.cbit0)$ 
      /(!dpi*x.fiber_spec*x.header.it) 
 IF KEYWORD_SET(irradiance) THEN rad=rad*!PI 
 
To calculate downwelling irradiance using the Spectralon Panel (rad.pro) (Equation(8.8)): 
F↓ = E ⋅T
τ
⋅ τ RR  
rad=(x.base_ref_spec*x.lamp_spec*x.spectrum*x.cb03.cbit0)$ 
      /(!dpi*x.fiber_spec*x.header.it) 
IF KEYWORD_SET(down_irr) THEN 
rad=rad*!PI/x.base_ref_spec 
 
To calculate irradiance using the RCR foreoptic (rad.pro), keyword is set to down_irrad (Equation(8.8)): 
F↓ = E ⋅T
τ
⋅ τ RR  
rad=(x.base_ref_spec*x.lamp_spec*x.spectrum*x.cb03.cbit0)$ 
      /(!dpi*x.fiber_spec*x.header.it) 
IF KEYWORD_SET(down_irr) THEN 
rad=rad*!PI/x.base_ref_spec 
 
To calculate reflectance when the instrument was set to collect radiances(not a function, 
handled from command line as needed) (Equation(8.9)): 
ρ = TTTS
 
refl = x.spectrum/y.spectrum 
where the Spectralon panel is x structure and the target is 
stored as a y structure, x and y are dummy structure names 
 
To calculate reflectance when the instrument was set to REFLECTANCE setting 
(reflectance.pro) (Equation(8.10)): 
ρ = Tw  
reflectance = x.spectrum/x.white_ref_spectrum 
 
Table 8 provides the HH2 calibration files required based on the foreoptic and settings 
utilized to collect an observation. Figure 51 is a workflow illustrating the basic process to collect 
a spectral measurement of a target utilizing the software and protocol created for this research. 
Table 8. Files stored by the HH2 based on the foreoptic used and settings chosen. 
Setting/File Data Type Calibration files stored 
Radiance bse19441.ref, lmp19441.il, 1i19441.raw/ni19441.raw/cos19441.raw 
Digital Numbers/Raw none 
Reflectance None, but stores white reference data from measurement 
Absolute Reflectance abs19441.ref 
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Figure 51. Overview of protocol to collect spectra using the HH2 and software written for this research.  
8.1.3 Spectral Resolution 
Analytical Spectral Devices (ASD) FieldSpec® HandHeld 2™ Spectroradiometer (HH2) 
(Boulder, Colorado) is an instrument designed for field measurements due to its low mass of 1.2 
kg, compact size at 90x140x215 mm, durability, ability to operate untethered from a laptop, and 
spectral specifications with potential for successful retrieval of SIF, and availability.  The 
spectral resolution in important when measuring F and SIF due to the small signals relative to 
incoming illumination signals, or when compared to capturing spectral for mineral measurements 
or reflectance-based vegetation indices. The HH2 collects radiance and reflectance values at a 
sampling interval of approximately 1.5nm and ±1nm wavelength accuracy over the spectral 
range from 325 to 1025nm. According to the manufacturer, the instrument has a reported spectral 
resolution of <3nm at 700nm (ASDInc., 2010) using the “Sparrow criteria”(ASDInc., 2012), 
which defines the spectral resolution as the wavelength separation between two monochromatic 
peaks necessary to distinguish them as distinctly different peaks. In the literature, the spectral 
resolution of the ASD Fieldspec FR, 2, 3, 4, and the HH2 are reported in the more common 
format, full width-half maximum (FWHM) to be 3nm (Carrère, Spilmont, & Davoult, 2004; 
Damm et al., 2014; Damm, Schickling, Schläpfer, Schaepman, & Rascher, 2010; Julitta, 2015; 
Meroni et al., 2009; Small et al., 2009; Zarco-Tejada, Morales, Testi, & Villalobos, 2013) and 
reportedly at 760nm the Oxygen-A (O2A) band is approximately 2nm wide (Gomez-Chova et al., 
2006). While other spectrometers provide higher spectral resolution, the HH2 is more cost 
effective and better suited for extended and rugged field campaigns, therefore characterizing SIF 
retrieval from its data would be a boost for remote sensing studies on upscaling SIF data in 
remote areas. 
8.1.4 Dark adapted measurements to capture Fmax and Fss 
Dark adaptation is the process of removing a plant from illumination for a period of time 
in order to reduce or shut down the photosynthetic process and induces a short, approximately 1-
second dynamic response when the plant is returned to illumination capable of triggering 
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photosynthesis (Campbell, Middleton, Corp, & Kim, 2008; Stirbet & Govindjee, 2011). A series 
of tests were conducted to explore the capabilities of the HH2 and experimental setup to capture 
the dynamics of fluorescence after dark adaptation and to assure that the experimental design in 
this study would only capture Fss for determining the stress reaction. The dark adaptation of the 
tomato here is the same type tomato plant, but was not completed at the time of the experiment 
and is not necessarily the same plant. Figure 52 shows a sample of these experiments to illustrate 
the concept of testing the time to reach Fss. The maximum value (Fmax) can be seen for each plant 
(Figure 52, column 1 full spectrum, column 2 time series of F@687 and F@761 illustrating the 
rate of decay). Through these tests it was determined that a minimum of 10 minutes after the 
LED was initialized each morning would be sufficient to allow the t=plant to reach Fss. 
 
Figure 52. Dark adaptation of various plant targets. Row 1 is a tomato plant, Row 2 is a pothos for 0-
20min. Row 3 is a Pothos measured from 0-60min. Row 4 is a Janet Craig plant measured from 0-
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20min. Row 5 is a Janet Craig measured for 0-60 min. Column 2 is a time series of each plant’s F@687 
nm and F@761 nm. 
8.2 APPENDIX C 
8.2.1 Characterizing SNR for the HH2 instrument 
The signal to noise ratio for the can be calculated at each wavelength or estimated as the 
mean SNR across the wavelength range. Generally, if L is radiance and σLED the standard 
deviation of L, then SNR is 
 
 
SNR = L
σ LED
 . (8.11) 
Measurements with the HH2 contain one radiance value at each nm. With a series of 
HH2 measurements, SNR at a particular wavelength, SNR(λ),  is the average of the radiances 
measured at λ, L(λ), divided by the standard deviation at that λ, σ(λ), or 
 
 
SNR(λ) = L(λ)
σ L(λ)
  (8.12) 
To estimate the SNR of the HH2, the average of SNR(λ) for the range of wavelengths of 
interest is taken. In this study, the focus is on the portion of the fluorescence range from 680-
780nm. Thus 
 
 
SNRHH 2 F =
SNR(λ)
680nm
780nm∑
100
  (8.13)
    
In order to first understand the manufacturer’s characterization of HH2 signal-to-noise 
ratio (SNR), data was obtained from the manufacturer (ASD) specifically for the HH2 
Unit#1944. They provided SNR data collected on the HH2 Unit#1944 instrument (350-1000nm) 
under a calibrated lamp in the form of a text file. Additionally, they supplied a JPEG file of SNR 
data for the same wavelengths, 350-1000nm, for a FieldSpec4 instrument taken under the same 
illumination (Figure 53). The HH2 Unit#1944 SNR data were read into IDL and the mean SNR 
calculated for the full spectrum (350-1000nm) as well as the fluorescence range (680-780nm) for 
each instrument. According to an ASD representative, for both instruments the integration time 
was 272ms, the illumination source was the same, and the spectral resolution in the VNIR range 
are “essentially the same” ().  The ASD company representative attributes the differences in the 
two datasets to a difference in positioning, differences in the setup, and variations in 
detector/grating between the two instruments (personal communication). 
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Figure 53. Signal to noise ratio for HH2 unit 1944 and a SNR for a FieldSpec4 instrument collected on 
the same light source.(ASD provided figure). 
To calculate SNRLED, the HH2 and Spectralon™ white reference panel were set up in the 
dark room with the LED and a series of 442 measurements were made at one-second intervals. 
Similarly, SNRSUN was calculated from 600 HH2 observations of the Spectralon™ white 
reference panel taken in sunlight on a clear day. In each case, the mean and standard deviation of 
the recorded signals at each wavelength were calculated and the SNR at that wavelength was 
obtained by dividing the mean by the standard deviation. SNRLED and SNRSUN are the averages 
of the SNR at each wavelength for each illumination over the full range of measurements (0.325-
1.075 µm). These two values were then utilized in estimating the uncertainty of F, SIF, Fyield, and 
SIFyield values. 
Table 9 outlines the results of the SNRLED and SNRSUN experiments and the 
manufacturer-supplied data. Spectral SNR under the LED for this experiment shown in Figure 
54illustrates the overall pattern of SNR for the wavelength range in the LED environment. When 
the average of these spectral SNR data are taken, the resulting SNRLED is 18.6, which 
corresponds to a relative error of 5.4% for measurements of F. This value differs from the 
manufacturer’s SNR of 6659.1 (0.02% relative error) due to the difference in the illumination in 
the two conditions. The large difference in these two values supports the need for examination of 
instrument SNR and other contributing uncertainty for the two illumination sources. Using the 
manufacturer’s reported SNR data would have underestimated the uncertainty in the estimates of 
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F in this study. It was expected that uncertainty estimated from LED observations would be 
larger compared to the calibrated light source, due to the LED not being calibrated, the relatively 
low power of the LED, and the limited number of wavelengths emitting radiation. The value 
obtained for SNRLED was utilized in Equation 7 to get the uncertainty of estimates of F. The 
variation in the data observed from these experiments is much larger than the instrument error. 
This suggests that variations in illumination or other environmental variables are the main source 
of error at least when compared to instrumental error. 
Figure 5 suggested measurements of fluorescence under LED will yield a slightly better 
SNR than the white reference illuminated with the LED because fluorescence emission is about a 
factor of four to five higher than the remaining contamination by the LED emission. Therefore, a 
value of around 20 for the SNR also appears to be justified in the fluorescence range. This value 
would also be visually comparable to the spectral noise visible in the three plant spectra shown in 
Figure 5, right panel.   
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Figure 54. Spectral SNR for the LED and Spectralon® white reference panel (n=442). 
SNRSUN of the HH2 instrument as 158.9, which is a relative error of 0.63% for 600 
observations. The average solar spectral SNR plot is shown in Figure 55. When compared to the 
manufacturer’s estimate of SNR for the HH2 of 6659.1 (0.02% relative error), the relative error 
is higher under sunlight (Table 9). This is likely due largely to the difference in illumination 
sources between the calibrated source used by ASD and sunlight. While every effort was made to 
control the environment during the SNR experiments, the data collected were affected by 
variations in detected illumination from the sun and atmosphere. Additionally, the difference in 
the power of the sources affects the outcome. It was anticipated that the relative error would be 
greater in the case of the solar experiment due to conditions being less controlled. Because our 
study involves a comparison of extreme lighting conditions in experiments that differ from 
calibration conditions, these results support the need for this independent assessment of SNR as 
  144 
well as the propagation of uncertainty in the study. A summary and comparison of the resulting 
SNR for these experiments and from the manufacturer are given in Table 9 with the SNR values 
applied in this study highlighted (red color and underline). 
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Figure 55. Solar spectral SNR for the HH2 using the Spectralon white reference panel (n=600). 
Table 9. SNR calculated from manufacturer's data (under their calibrated lamp source, per 
conversation by phone) and calculated from experimental data with the LED and sunlight .  
Spectral Range HH2 SNR  ASD HH2 SNR Sun HH2 SNR LED FS4 SNR ASD 
Full range SNR 
 
6659.1 
 
158.9 
 
18.6 
 
9169.1 
 
Full range  
Relative Error 
0.02% 0.63% 5.4% 0.01% 
Fluorescence Range 10183.6 135.0 2.94 14947.9 
Fluorescence  range Relative Error 0.01% 0.74% 34.0% 0.01% 
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8.3 APPENDIX D 
8.3.1 Analysis of data from OCO-2 over larger spatial area at Natural Bridge 
 
Figure 56. Time series of daily means of field measurments and satellite measurements of MODIS and 
OCO-2 matched quantities from a latitude range of 1.5 degrees at the study site.  
8.3.2 Analysis of SIF687 (Oxygen B band) and related quantities from field data 
Figure 57 shows SIF687, SIFy687, and SIF687/SIF761 plotted with and without instrument 
uncertainty (pink errorbars) and standard deviation (color matches plot lines). The trends in the 
data shown in Figure 57 panels a-c are in contrast to the trends in the SIF761 and SIFy761 (Figure 
25 panels a and b). However, the very large uncertainties associated with the field-measured 
quantities are not unexpected. Previous studies and work in this dissertation have shown that the 
HH2 spectroradiometer performs poorly when calculating SIF near the 687 nm wavelength 
because the spectral resolution does not sufficiently resolve the atmospheric oxygen absorption 
band in this spectral region (Chapter 3, (ASDInc., 2010; Julitta, 2015; Julitta et al., 2016; Van 
Wittenberghe et al., 2014; ZHANG, 2005)). Supported by these results, there is little confidence 
in the calculations based around this region of the spectrum with the HH2. 
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Figure 57. Time series of canopy field measurements. Errorbars matching the color of the plotted line 
indicate the standard deviation of the daily average and pink errorbars indicate the instrument 
uncertainty propagated through the calculations (see chapter 2) a) SIF687 vs. DOY without errorbars to 
show trend b) SIFy687 vs. DOY without errorbars to show trend c) SIF687/SIF761 vs. DOY without 
errorbars to show trend d) SIF687 vs. DOY with errorbars e) SIFy687 vs. DOY with errorbars f) 
SIF687/SIF761 vs. DOY with errorbars. 
8.3.3 Correlations among satellite measurement quantities 
 
Table 10. Correlation among satellite measruement quantities sorted from highest r value to lowest. 
Quantities r 
SIFd vs NDVIsat 0.73 
SIFinst vs NDVIsat 0.71 
SIFd vs gpp 0.69 
SIFd vs fpar 0.67 
SIFinst vs gpp 0.66 
SIFd vs lai 0.65 
SIFinst vs fpar 0.65 
SIF757 vs NDVIsat 0.64 
SIFinst vs lai 0.63 
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SIF757 vs gpp 0.61 
SIF757 vs fpar 0.59 
SIF757 vs lai 0.58 
SIF771 vs NDVIsat 0.52 
SIF771 vs gpp 0.48 
SIF771 vs fpar 0.47 
SIF771 vs lai 0.45 
SIFyinst vs NDVIsat 0.31 
SIFy757 vs NDVIsat 0.28 
SIFyinst vs gpp 0.25 
SIFy757 vs gpp 0.25 
SIFyinst vs fpar 0.22 
SIFy757 vs fpar 0.22 
SIFy757 vs lai 0.21 
SIFyinst vs lai 0.21 
SIFy771 vs NDVIsat 0.16 
SIFy771 vs gpp 0.12 
SIFy771 vs fpar 0.10 
SIFy771 vs lai 0.09 
SIFyinst vs np  0.01 
SIFy771 vs np  0.01 
SIFy757 vs np  0.01 
SIF757 vs np  -0.05 
SIF771 vs np  -0.06 
SIFinst vs np  -0.06 
SIFd vs np -0.07 
 
8.4 Appendix E 
8.4.1 Biome-level photosynthesis of individual vegetation classes 
Time series figures for individual vegetation classes of a biome were created with four 
panels representing four groupings of vegetation classes: Forest classes (ENF, EBF, DBF and 
MF; column 1, row 1), Shrub classes (CSHR and OSHR , column 1 row 2), Savanna and grass 
classes (WSAV, SAV and  GRA; column 1, row 3), and crop classes (CRP and CNVM, column 
1, row 4). Abbreviations, names and descriptions of the IGBP class system are given in Table 6. 
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Each figure represents one biome and contains the time series of monthly mean SIFinst for each 
vegetation class displayed with uncertainty (column 1). The second column contains the scaled 
SIFinst time series for the vegetation classes. The third column contains the biome level 
environmental variables time series: DCF*2 and Cos(SZA) (column 3, row 1), VPD (column 3, 
row 2), Tskin and T2m (column 3, row 3), and SH (column 3, row 4). 
In the Amazon, SIFinst of EBF, DBF and MF have different spatiotemporal patterns with 
DBF having a wider range of SIFinst than EBF as expected with alternating periods of leaf fall as 
shown in Figure 58, columns 1 and 2, row 1.  However, uncertainty is large in comparison to that 
range. MF can be contrasted to both other forest classes and has a wide variability for the first 
half of the study period versus a much smaller variability for the last half of the study period. 
OSHR, CSHR, WSAV, SAV and GRA are noisy and similar to one another but contrast to forest 
classes and crop classes (Figure 58, columns 1 and 2, rows 2-4). CRP and CNV contrast to one 
another during some periods, as expected and differ from other classes, especially to forest 
classes (Figure 58, columns 1 and 2, row 4). However, questions remain regarding values at or 
less than zero for DBF, MF, CSHR, CRP, and CNVM in the Amazon as well as other biomes. 
For DBF, MF, and CSHR classes the signal is likely a result of true seasonal changes. For CRP, 
the signal is likely a result of barren agricultural fields, while for CNVM it is a combination of 
the two. Near zero and negative SIF measurements have not been excluded in this or other 
studies because this information is valuable, however, more evaluation is needed to test SIF 
measurements that may be incorrectly identified as vegetation, identified as the wrong vegetation 
class, or the result of erroneous measurements.  
 For the Pantanal, the much smaller area results in a smaller dataset and results 
proved to be noisy (Figure 59). Comparing SIFinst of Savanna/Grasslands classes specifically to 
SIFinst of EBF was of particular interest in this biome because EBF and the Savanna/Grasslands 
create intricate mosaics of habitat in the Pantanal.  With the uncertainty at this scale, however, a 
comparison is difficult (Figure 30, columns 1 and 2, rows 1 and 2). The contrast in SIFinst for 
EBF and DBF for the Cerrado biome shows the deciduousness affecting the SIFinst time series 
(Figure 60, columns 1 and 2, row 1). Much like the Pantanal, the Cerrado SIFinst in 
Savanna/Grassland classes and Shrub classes are noisy, making comparisons between these and 
with forests difficult (Figure 60, columns 1 and 2, rows 1 and 2). Cerrado CRP and CNVM time 
series are similar in some portions of the time series, but reach lowest values in monthly mean 
SIFinst at different times, indicating a contrast in crop cycles or contrast in crop versus natural 
vegetation seasonality (Figure 60, columns 1 and 2, row 4). The temporal variability in CRP, 
DBF and CNVM SIFinst are such that investigation of CNVM as a representation of a mix of the 
two classes is warranted. In certain portions of the Caatinga time series, GRA, OSHR, and 
WSHR were the only vegetation classes and SIFinst behavior was very similar, likely driven 
mostly by environmental variables (Figure 61, columns 1-3, row 3).  
 In the Atlantic Forest Biome, the SIFinst signals for EBF and the 
Savanna/Grassland classes are noisy from month to month and are spread over a large range of 
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SIFinst values (Figure 62, columns 1 and 2, rows 1 and 3). The Atlantic Forest has a large portion 
of land area devoted to agriculture and the CRP time series, as expected, shows signals of crop 
and barren fields. If careful selection of agricultural sties were carried out, the signal of particular 
crop cycles might be delineated utilizing SIFinst from OCO-2, but at the biome level, this was 
not possible (Schultz et al., 2015). EBF in the Atlantic Forest is of critical importance in the 
context of carbon cycle and fragmentation, thus expected to indicate a SIFinst signal in contrast to 
the other vegetation classes, but these methods at the biome level do not provide evidence that 
EBF of the Atlantic Forest is more photosynthetically active than other classes (Figure 62). The 
Pampa WSAV and GRA classes exceed EBF and CNVM classes by more than double for any 
given month. The Pampa has a smaller area and smaller number of measurements relative to 
other biomes and a contrasting climate. As expected EBF and CRP have large uncertainty and 
noisy signal due to the lower sample size (Figure 63, columns 1 and 2, rows 1 and 4). SIFinst of 
WSAV, SAV, and GRA classes in the Pampa are distinguishable in some months, lying outside 
the uncertainty of one another. However, the noise makes interpretation of the SIFinst signal 
difficult (Figure 63, columns 1 and 2, rows 2 and 3). 
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Figure 58.  Biome-level time series for the Amazon biome SIFinst (column 1), Scaled SIFinst (column 2), 
and environmental variables-DCF, Cos(SZA), VPD, Tskin, T2m and SH (Column 3). Each row of columns 
1 and 2 represent time series by categories of vegetation classes: Forest Classes (row 1), Shrub Classes 
(row 2), Savanna/Grass Classes (row 3), and Crop Classes (row 4). 
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Figure 59. Biome-level time series for the Pantanal biome SIFinst (column 1), Scaled SIFinst (column 2), 
and environmental variables-DCF, Cos(SZA), VPD, Tskin, T2m and SH (Column 3). Each row of columns 
1 and 2 represent time series by categories of vegetation classes: Forest Classes (row 1), Shrub Classes 
(row 2), Savanna/Grass Classes (row 3), and Crop Classes (row 4). 
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Figure 60. Biome-level time series for the Cerrado biome SIFinst (column 1), Scaled SIFinst (column 2), 
and Environmental variables-DCF, Cos(SZA), VPD, Tskin, T2m and SH (Column 3). Each row of 
columns 1 and 2 represent time series by categories of vegetation classes: Forest Classes (row 1), Shrub 
Classes (row 2), Savanna/Grass Classes (row 3), and Crop Classes (row 4). 
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Figure 61. Biome-level time series for the Caatinga biome SIFinst (column 1), Scaled SIFinst (column 
2), and Environmental variables-DCF, Cos(SZA), VPD, Tskin, T2m and SH (Column 3). Each row of 
columns 1 and 2 represent time series by categories of vegetation classes: Forest Classes (row 1), Shrub 
Classes (row 2), Savanna/Grass Classes (row 3), and Crop Classes (row 4). 
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Figure 62. Biome-level time series for the Atlantic Forest biome SIFinst (column 1), Scaled SIFinst 
(column 2), and Environmental variables-DCF, Cos(SZA), VPD, Tskin, T2m and SH (Column 3). Each 
row of columns 1 and 2 represent time series by categories of vegetation classes: Forest Classes (row 1), 
Shrub Classes (row 2), Savanna/Grass Classes (row 3), and Crop Classes (row 4). 
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Figure 63. Biome-level time series for the Pampa biome SIFinst (column 1), Scaled SIFinst (column 2), 
and Environmental variables-DCF, Cos(SZA), VPD, Tskin, T2m and SH (Column 3). Each row of 
columns 1 and 2 represent time series by categories of vegetation classes: Forest Classes (row 1), Shrub 
Classes (row 2), Savanna/Grass Classes (row 3), and Crop Classes (row 4). 
8.4.2 Seasonality of SIF for key vegetation classes in Brazilian biomes: EBF, OSHR, SAV 
and CRP 
Figure 64, Figure 65 and Figure 66 show the wet/dry season comparisons for SIFdcf of 
EBF, OSHR, SAV, and CRP classes for each biome. In the Amazon, (Figure 64, column 1), no 
separation of wet and dry season patterns can be distinguished from the uncertainty for any class. 
Results were just as complex in the Pantanal biome (Figure 64, column 2). CRP and OSHR SIF 
in the Pantanal had limited data and can be neglected. In the wet season 2015-2016, SIFdcf for 
SAV and EBF are potentially lower than other wet seasons, but the evidence is not clear. No 
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trends of wet/dry season SIFdcf for the Cerrado and Caatinga (Figure 65) nor the Atlantic Forest 
and Pampa (Figure 66) showed evidence of seasonality or detection of drought stress with the 
level of uncertainty of the measurements. 
 
 
Figure 64. Wet and dry season SIFdcf to examine seasonality of the four key vegetation classes : EBF 
(row 1), OSHR (row 2), SAV (row 3), CRP (row 4) for the Amazon (column 1) and the Pantanal (column 
2) biomes. 
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Figure 65. Wet and dry season SIFdcf to examine seasonality of the four key vegetation classes : EBF 
(row 1), OSHR (row 2), SAV (row 3), CRP (row 4) for the Cerrado (column 1) and the Caatinga (column 
2) biomes. 
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Figure 66. Wet and dry season SIFdcf to examine seasonality of the four key vegetation classes : EBF 
(row 1), OSHR (row 2), SAV (row 3), CRP (row 4) for the Amazon (column 1) and the Pantanal (column 
2) biomes. 
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